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ITepiindm

H nopoloo Simhwpoatixy epyacio Slepeuvd T govielonolnon xal ovdAuoy tng wouoxhc douns péow cuyfo-
AV BLadoy v oLy oedLdY. Luvdudlel otatio Tixés, Aavidvovtog ydpou xal axolovhoxéc npoceyylioels pov-
tehomoinong, Ye oxond TNV UEAETY TWV OQUOVLX®Y OYECEWY AVAUESH GE HOUCIXS (0T, BexoeTleg xan TURHATOL
TEAYoUdLOY.  XENOWOTOLOVTUSC TO UEYIANS xhipaxac obvolo dedopévwy Chordonomicon, auth 1 epyaoia e-
Eetdlel 1600 EQUNVEUCLUES AVATUPOC THOELC OG0 Xall 0PYLTEXTOVIXES Yol TEOPBAedy, BivovTag Eupaoy oty TUn-
porronoinon o eninedo TUNUATOVY X anocLVTEYELUEVES AVOmopas TACELS oLYYoEdLOY (pila, TotdTnTa + enexTd-
OELC, UTEG0) YLot TNV ATOTONWOY) AETTOPEPOV APUOVIXOV CYECEWY.

To pedodoroyxd mhaiolo yweiletar ot dVo pépn. H npdtn diadixaocia epapudlel otatiotxt avdhuon axohoudv
n-oTolyelwy xou LoVTEAX Aovildvoucag amdoTACTS VLo VO EVOOUATWOOEL TIG DLaBOYES CUYY0EBUDY OE EVaY GUVEYT
YWPO, TOREYOVTOG Lol EPUNVEDGILY OTITLXOTIOINGT] HOUGIXE ONUAVTIXGY HOTBWY Lo TNV Taglvounon avé Loucixod
eldog xan dexaetion I vao cuumhnewidel auth 1 Tpocéyyion yenotwomolovial enione oxoloudaxd Lovtéla yLo
TN oUyxplon Twv anoteleoudtwy. H debtepn Sodixacio uiodetel avadpouxd vevpwvixd dixtua, Tic TapahhayEg
TOUG HE TOAES Yol LOVTEAA XUTAGTACTG-Y WOV Yo TNV TEOBAedn TN apuovixrc pofic Twy Slaboydy cuyyopdldy.
Avtr) n pédodog aflohoyel tnyv enldpoaom Tou yeyédoug Tou cuvohou exmaldevong, Tou uinoug TN axohoudiog
Tou etvou dtardéouun meLy and Ty tedBred, Twv anocuvIEsEwY GUYY0EBLY Xl TV CUUPEAlOUEVKY ot enitedo
TUNUATWY GTNY An6d0CT) TWV LOVTEAGV.

O otatiouxée (MEpLYpaPES) avolUOELS AMOXUADTITOUY LOYUPES OPUOVIXES xovovxdTnTes, otadepdTnta Souhc
TOV TEAYOLDLOY g OAa Ta EIBN) o Tig BexaeTieg, XM Kol CUC TNUATIXES TUPUAAAYES OTLC AAAXYES CUY Y OPOLV
HETOEY TV TUNUETWY TeV Tearyoudidy. Lo to tpofAiuota tavéunong, to povtéia hoavddvoucos anéotaong
TUEEYOUY EPUNVEVOLUES OVOTIHPUO TAGELS TTOU AMOTUTIMVOUY EV UEPEL TIG UPUOVIXES Xl OTUNOTIXES OYEOCELS, EVE
oL XONOUTOXES UPYITEXTOVIXEC CUUTATIOMVOLY QUTE Ta EUPHUOTA UE T1) OVTEAOTIOINGT] YpoVIXGDY e&apTroewy.
SUVOlXE, 1) BloxelTXr] XVOTNTO OAWY TWV HOVTEAWY TUPUUEVEL TIEPLOPIOUEVT), AVTOVOXADVTASC TI XOLVES op-
HOVIXEG apy€C oL XxaJOBNYOVY TIC OTUMOTIXES XL YPOVIXES TIORUAAYES.

H epyooio auty| xatadeviel 6Tl 1) EVOWUATWOT) EPUNVEVUCIUOY CTATIOTIXWY LOVTEAWY UE AMOBOTIXES oXOAOUDL-
oXEQ UPYITEXTOVIXES TIOREYEL ONUAVTIXES TANPOQopieg Yo Tn Bopn Tng ouPoluxic wovoixrc. Ta anoteléopata
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HOVIXNE aVOTHEAO TAOTE Yol TNV XATOVONOT] TWV OPYAVWTIXMY dEYOV TN TOVIXAC Houoxrc. AuTtd To suphuoata
GUUPBAAAOUY GTOV TOUEN TN AVAXTNONS LOUGIXWY TATP0(POoRL®Y Xai Bonloly oTny xatavonon Twy TeoBANUdTwy
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Abstract

This thesis investigates the modeling and analysis of musical structure through symbolic chord progressions. It
integrates statistical, latent-space, and sequential modeling approaches to study harmonic relationships across
genres, decades, and song sections. By utilizing the large-scale Chordonomicon dataset, this work examines
both interpretable representations and predictive architectures, with emphasis on part-level segmentation
and decomposed chord representations (root, quality+extensions, bass) for capturing fine-grained harmonic
relationships.

The methodological framework is split in two parts. The first pipeline applies statistical n-gram analysis and
latent distance models to embed chord progressions into a continuous space, providing an interpretable visu-
alization of musically meaningful patterns for genre and decade classification. To complement this approach
sequential models are also employed to compare the results. The second pipeline adopts recurrent neural
networks, their gated variants, and state-space models to predict the harmonic flow of chord sequences. This
method assesses the impact of training set size, the length of the sequence available before prediction, chord
decompositions and part-level context on performance.

Descriptive analyses reveal strong harmonic regularities, stability of song structure across genres and decades,
and systematic variations in chord transitions across song segments. For classification tasks, latent distance
models provide interpretable representations that partially capture harmonic and stylistic relationships, while
sequential architectures complement these findings by modeling temporal dependencies. Overall, the discrim-
inative power across all models remains limited, reflecting the shared harmonic principles drive stylistic and
temporal variations.

This work demonstrates that integrating interpretable statistical modeling with efficient sequential architec-
tures provides meaningful insights into the structure of symbolic music. The results highlight the significance
of part-level context, chord decomposition, and harmonic representation in capturing the organizational
principles of tonal music. These findings contribute to the field of music information retrieval and aid in
understanding classification and predictive tasks, offering a foundation for future research in computational
music analysis, stylistic characterization and automatic composition.

Keywords — Symbolic Music Analysis, Chordonomicon, Chord Progressions, Music Information Retrieval
(MIR), Recurrent Neural Networks (RNNs), Long Shot-Term Memory Networks (LSTMs), Gated Recurrent
Units (GRUs), Harmonic Structure, Genre Classification, Decade Classification, Chord Prediction, Part-Level
Segmentation, State-Space Models, Mamba
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Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

H povowr] ebvon yiar amd TLC O EXPEACTIXES LOPYES TNG avipdTVIG BNULOVEYIXOTNTOS, 1 BOUY| Xal Ol EGWTEEIXOL
XAVOVES TNG €Y0UV TEUBhHEEL TNV TPOGOY T GUVIETWY, ETUGTNUOVKY Xal TEXVOROYLY Yia auwves. H xatavédnon
TOU TEOTOL YE ToV omolo 1) apuovia, N ueAndio xou 0 pLBLdE AAANAETLBEOVY YLol Vo SMuLoupYHoOLY cuvalcYiuaTa,
VoL expdoouy WB€eg xou v Binyndoly totopleg, anotelel amd xaipd onpavtixd oTéY0 0TOUC TOUElC TN TEYVNG
xat g emotiune. Me v toyela enéxtaon twv Pnelaxdy Louoxdy dedopévey xon Ty eZENEN TwY UToAOYLo-
XDV €pYOAEl®Y, N HEAETN NG Youoxnc Boung €xel UeTaPel Oho xan meploadTepo amd TNy xodapd Yewentixy
avdluon oe mpooeyyioelg Baclouéveg oe dedopéva. To au€avouevo evbiapépoy xou 1 Beltinwon twv unyavio-
podVY povtehonoinong €youv ddaoel T Véon toug otov Topéa e Avdxtnone Mououxie IIinpogopioc (AMII),
TOU O TOYEVEL GTNY AvAAUGT], HOVTENOTIOMOY Xl XATAVONCT TNS HOUCIXNG, XPNOLLOTIOLOVTOS UTOAOYLO TIXESC XAl
oTATIOTIXEG PeYOBoUC.

Y1ov muphval TwV Houoxdy oxohoudiiy Beloxovto ol cuyyopdies xat ol dwdoyéc touc. Amotelolv Ta o
VePEAOOY) GTOLYEl Yiot TN HEAETY) TWV TOVIXWY X0l GTUNGTIXOV YAUpaxTneloTixey. Autéc ol dladoyéc xadopi-
Couv v apuovixn xivnor, dnploveyovTag o otifo évtaong xat ETAUGTE TOU 0RYAVDVOUY TN HOUGXT| Lop@n
xon ouUBdAlouy otov yapoxtrpa tng. Me i povielononon Toug, xadioTatar duvaty 1 mopaxoholUnoy TNe
10 TopWNE EEENENG TNS OPUOVIXNE YAWGCOUC, 1) ATOXEAUYPT) G TUALC TIXWY YOQUXTNEIC TIXWOY OF SLapopeTixd (01 xou
1 expdinom tne mEOBAEPNC HOUCIXWY YEYOVOT®Y, 0TS TOLES GUYY0pdIES 1) Slopoppiaelc Utopel var oxohoud -
COLV.

Qo1600, VK oL SLaBoYEC GLYYOEBLOY XaTaypdpouy Bouoixéc dpuovixéc TANEoPoples, aVTLTEOowTEOOLY U6VOo wlo
dldotaon e povowxrc dounc. Ou cuufolixéc axoroudieg cuyyopdidy anexovilouv xadupd dpUOVIXES aponpe-
OELS, BEV XWOIXOTOLOLY TAHIEWS TN UeAWBW x(vnom, Tn pulduxr dour|, To TEUTO 1) TOV EXPEUC TG GUYYPOVIOUO.
H andéhutn eotlaom otny ToVIXn po0XOXOAS TS HOUCIXHEC Xoo Td Tig SUUBOAXES axohoudleg cLYYOEBLEDY Evav
CUVOTTIXO GAAG. TIEQLOPLOUEVO TEOTO TEPLYPUPHE TNG UOUCIXAC, CLUTERLAOPPBaVOUEVNE TNE TAOUCLAS dpUOVLXAC
AVUTOEAC TACTG.

Ou napadooioxnéc mpooeyyioel e appovixrc avdivong Boasilovtay nepilocdtepo o cuufolués uedodoug Baoto-
HEVEC OE XAUVOVEC 1] OF ETUPAVELOHNS, CTATIOTIXS LOVTER TTOU OIOTUTLIVOLY UOVO TIC TOTUXES OYETELS UETAUE) TRV
ouyyoednv. H npbogatn eupdviorn pedodwy unyovixhic wddnong xa Badide udldnong €yel dnuovpyoet éva véo
MOVOTIATL TPOG TNV XATavON o™ TNG Louohc. NEVpwVIXES dpyLTEXTOVIXES XUTAAANAES Yial LOVTEAOTONGT) X ONOL-
YLV, OIS To avadpoWXd VELPWVIXE BixTua Xot TIC TapaAAayéc Toug, ovtéla Baotouéva oe Transformers xou,
O TEOGPUTA, LOVIENN XATAOTACTG-YWEoL 6Twe To Mamba, €youv eloaydyel Ty xavotnto nou anoutelton yio
TNV XATAY oY) LoxpoTEOVECUWY EEARTATENY XL IEQURYIXDY BOUWY ot Youoxég axoloudiec. Autég ol uédodol
EMTEETOLY TNV EXUAUNOY CPUOVIXMV Xl CTUMOTIXDY OYXECEWY, TOU eEdyovTon amd axaTépYaoTo OedoUEva,
ywelc v avdyxn avipnmvng nogéuBacng. O otdyog authc g perétng ebvan 1 povtehomolnom xou avdAvoT NG
HOUGWAC BOURC HESL GUUPBOAMXMY axOAOUTOY GLYYOEBLOY, YENOULOTOLOVTAS TOGO GTATIO TXES Pedodoug 660
xoi UEYHBoUC PNy ovixAc uddnone, YEQUEMVOVTIS To Ydopa UETadl TNg povotxnic Yewplag XoL TNS UTOAOYLOTIXAC
HOVTEAOTIOMNONG X0 XWBIXOTOLWVTAS TIG UPUOVIXES XOUL YPOVIXEC IBLOTNTEC TNS LOUCIXAC.

Evowpatdvovtag ata Yewpnuxd Yepéhor Tng Louoxnc, Tic cUYYPOVES TEYWXES unyavixic wdinong, n epyaocio
ot cuPdiiel oe wa PodiTtepn xaTavénon TOL TEOTOU Ue Tov omolo Ta povtéla mou Bactlovton o dedouéva
uTopolY va xatorypdouv Tnv oucio TN apuovixig opydvwong. Emimiéov, mapéyel mAnpogopieg yia tov tpdTO
HE TOV OTO{0 Ol UTOAOYIOTIXEC OVOTORAGTACELS TNE Hovotxic evduypapuilovion pe Ty avdpmnivn avtiindn xou
Yewpla, TEOCPECOVTAUSC TPOOTTIXES Yol UEAAOVTIXES EQUPUOYEC OTNY auUTOUaTH cbvieon, T cUCTAON LOUCIXAC
XOL TN OTUNLGTIXY| AVAAUGT).

1.1 Oewentixd YTroBadeo

1.1.1 Movowxr, Ocswplia

H pououny) Bewpla mpoopépel ta evvolohoyxd Yegéhio yior THY XATAvoNoY) TOU TEOTOU UE TOV OTOL0 T LOUCIX
otolyela, 6w 1 TOVIXOTNTA, 1) UEAWBIa, 0 pLUUUOS, 1) dEUOVIAL XL TO TYOXPWUI, 0PYUVHOVOLY TOV YO OF £X-
(PEAUCTINES XalL CNUAVTIXES BOPES, Xou auTd Tar Yepéha ebvon amapaitnto yiot Ty Avdtnon Mouowxiv IIinpogopidyv
(AMII).

Yto medio autod eqopudlovion UTohoYLoTIXES Xt Poactopéves ot dedopéva u€dodol yio TNy avdhuon, epunvela xou
0pYAVWOY TNG HOVOWAS, o&loToldVTaG oe HeYSho Bodud cugBolnéc avomopaoTdoels OTwe VOTeES, cuyyopdies
xou LB pot{Bo, mou emtEénouy oToug ahybprduoug va GUAAGBoLY VewpnTnéc oyéoelc Tou BEV UTOPOUY Vo
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1.1. Oewpnuxd TndBadeo

exppactoly uévo pe tov axatépyaoto fyo. Epyaciec omwe 1 e€oywyn pehmdiog, n avayvodplorn cuyyopdldy,
N aviyveuon xAeWBLY, 1 TaELVOUNCT HoUCIX®Y EWBOY xaL N avdAuon ouotothitwy Bacilovtoal oty yvoon g
appovixic Aettovpylag, Tou HEAMBIXOL TEPLYPAUUATOS Xal TNG Tovixrg lepopyiog yio 0 povtehomolinoy wotiBwy
nou evduypoppilovton pe Ty avdp®dnivy wouoixt| avtiindn.

H evowudtworn povoxodewpnuxdyv apycdv ot cvothuata MIR evioylel tic avolutixéc toug duvatdTnreg,
EMTEEMOVTOG OTA LOVTEAD VO TTROYWENOOLY TR Amd TIE EMLPAVELOXES OTATLOTIXEC CUCYETIOELS TPOS UOUGIXd
onuavTixée eppunveiec. Auth 1 evétnta Yepehdver Tic Yewpnuinéc Bdoeig [1] yio tor mpoPAfuato Tne avdxtnong
povohc TAneogopiog mou egetdlovTol GTN SITAUTIX.

Toévog xou dracTARATH

H tovuétnta elvon to avidnmtd Ooc 1 Bddoc evoc Yiyou, mou xodopileton and ) cuyvoTnTd TOoU Xou OTN
dut) wovowh, oL TovxdTNTES oL améyouy wio oxtdBa (avahoyia cuyvéttog 2:1) Yewpolvtan 1odlvoues xat
opadomolodvton e dwdexa dlaxpltég xatnyoplec TovixdTNTAC.

‘Eva Sidotnua etvan 1) omdo taon Leto€d 500 TOVIXOTATWY TOU UETEETOL GE NULITOVIAL, X0l TERLYPAPEL TOGO TOGOTINES
600 xou moloTixée oyéoelc (Yl mapddelypa pior pellovo Tpitn extelveTol OE TECOEPA MULTOVIOL XoU Uil TEAELL
TEUNTN o€ ENTA NTéVIRL paxpld amd T pila). Tty avdxTnoT HOoUsIXMY TANPOPOELHY, oL TOVOL XaL T S TH-
pator xwdonototvton cuvRtwe cuuBolnd, elte we ohvola XATYOELOY TOVOU gite we axoroudieg BlaoTNUdTWY,
EMUTEENOVTOG OTO HOVTEAD VO XOTAYPAPOUV T MEAWDIXY %O CpUoVIXY) SOouY), ToEEYOVTOSC TAUTOYEOVA AUETOPA-
NTOTNTOL OTYN YETATOTIOT. AUTEC OL AVATUPOC TACELS ATAOTIOLOUY Ta houctxd dedouéva Bondwvtag oty eudu-
yeduulon e tic Yewpntixéc teplypapéc tne ueAmdiog xou tne appovioe, oynuatilovtac ) Bdomn yia Ty avdhuon
o oUVIETWY BOUWDY, OTWS XALUXES, XAEWBLE, cLYY0Ediec xol TPOOIOUC.

KAipoxeg o Khewdid

O xApaxeg elvan opyoaveuéveg axoloudleg ToOVwY Tou anoteholy 1 Bdon tng yehwdlog xan e apuoviag, pe
Tic pelloveg xou eAdocoves xhigaxeg vo elvar oL o cuvnhiouéves ot dutr pouowd, ot ontoleg opilovton and
ouyxexpéva potiBo OAOXATPWY ot HLOWY BNUET®Y O NULTOVIAL.

Evat xhedl opiler to tovixd %évtpo evde xoupatiol, ouviidne v Tovixh vota o xhigoxas, xadepdvovtag
o tepopylor YeTagd TOVWY o GUYY0EDLOY oL avadétel pdhoug dmwe Tovixr, xuplapyn, urtoxupiopyn, pecola
xa dAhoug, ot ontolot xadodnyoly TNy apuovixh Aettoupyio xou TNV Teoodo. O xUxA0g TWY TEUTTEY TAUPEYEL YL
CUCTNUOTLXY ATEXOVLOT) TV OYECEWY UETOED TLV XAEWBLOY, BelyvovToc Tota XAELSLd potedlovTtal TOVOUE Xol TG
Ol UETATPOTEC OE XOVTLVA XAEWId axolyovian guoxéc. Xtnv Avdxtnon Movowic ITAnpogoplag, o xiiyaxeg
%o Tor XAEWLE ouyvE avamaploTavton cuEBoiixd, e clvoha TdZewy TovwY B axohoudieg Badudy xAipaxas oe
OYEON UE TNV TOVIXY|, ETUTPETOVTUS OTO UTOAOYLOTIXE LOVTERD VO AVIADOUY UEAWDIES oL OPUOVIXEG DOUES HE
Te6To aveEdpTnTo and To xAewi, daTnenvTtag Tapdiinia to Tovind mhaicto.

Yuyyoedicg xou Alxdoyég Suyyopdimy

Ou ouyyopdleg elvon GUVOAL TOVKY TOL MYOUY TAUTOY POV, UE TIC TPLIDES, TNV ATAOUGTERY HOPPT|, VO ATOTEAOUV-
T omo po pllar, wiot Tltn o ot TEUTTY, Xou Uropoly Vo etexTadoly Ye ETAE0V TOVOUS O EBBoUES 1) Evateg.

H mowdotnta tng ouyyopdiag, mou optleton and to Slac thpote peto€d e pllag ot Twv dAhwy voTtoy, Tig Taél-
vopel oe TOmoug 6mw¢ Yetlova, EAdooOVA, ALENUEVT 1) UELWUEVT), EVE) OL AVIC TROYES AVaBLUTAGGOUY T VOTA TOU
umdoou (tn younAdtepn cuyvotixd véta) Tne cuyyopdiac xwelc va oAAGLoUV TO TEPIEYOUEVO TWY TOVLV TN,
emTEETOVTOC Uit opahdTepn appovixt xivnon. H apuovia tpoxintel and tic aAAnAemdpdoelc HeTall TwV VOTMV
TV oUYY0EJHOY Xou UETOED TV Blwv Twv cuYYoEdLOdY UE TNV T8Eod0 TOU YPOVOU, DNULOURYMVTAC EVINOT XoL
enfAuom, xou dopeiton YEow opydV Omwe N AeltoupY| appovia xou 1 xadodHYNCN TWV PWVHY, TOU TERLYEY-
(POUV TOUG PORNOUC TMV CLYYOESLV XOL TN CGTABLIXY XIVNOT| TWV PEUOVWUEVKDY VOTMY YIo TNV ENTEVEN OUOAGDY
peTadoemv.

Ou dwdoyéc ouyyopddv elvar axoloudilec cuyyopedidv mou xodopillouv TV Tovixh Boun xou Tr poucxy
xatevduvor, pe xowvd yotifa 6nwe I-IV-V-1 7 ii-V-I va napéyouv xbxhoug évtaong xou enfivong. Xtnv avdx-
TNOY) UOUCIXWY TANROPORLEDY, OL OQUOVIXEC TANEO(OpleC umopoly va xwdxonon 3ol cUUBOAXE WS ETXETES
ouYY0eOLY, GOVOAL TOVWY 1| UVOTUPUOC TACELS DLACTNUATWY, ETUTEETOVTNS OE AxOAOUDLONA MOVTENN OTWE To
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AT
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Figure 1.1.1: KOxAog t0v TEURTOY, ONUAVTIXGS YL TNV XATAVONOT] TWY OYECEMY HETAED TeV XAEWLOY [2].

avadpouxd dixtua ¥ ot Transformers vo avohbouv 1660 Tig TOTUXEG OGO XAl TIC CUVOMMXES TOVIXEG OYEOELS YLo
TeoPBAuaTa SIS N ovarY VORI Xt TEOBAEdY) GLYY0EBLOY, 1) AVIYVEUCT) XAEWBLOY Xl 1 TaEVOUNCT GTUA.

YuuPorixéc Avanapactdoeic xou ITgoBAuata Avéxtnong Mouvouxrc ITAnpopopiog

Ot ouuPoluég avandpao TAGELS LOUCIXNC XWOIXOTOLOUY YAUEAUXTNELO TIXA OTIWE TOV TOVO, TN BIEXEL XoL TNV op-
povio ¢ xotnyopés N apldunTixés TWES, EMTEPENOVTAC OTA LTONOYLOTXE LOVTEAA Vo padadvouy T Jouctxh
doun| mépa and Tov axatépyacto Nyo. Moppéc onwe ta apyeio MIDI xou oL emonueidoeic ouyyopdldy Tapéyouv
AemTouepeic TANPOPOplES Yol TIC VOTES, TIC OLUYYOEDIEC XAl TO APUOVIXS TEQLEYOUEVO, Ol OTIOlEC UTOPOUY VoL UETO-
Teanolv o apLiuntixés xwdixonotjoels, dlaviouato one-hot, clvola T8EewY TOVOU N YOLUXTNELO TIXE YEWUATOS
yia goviehonolnon.

O1 SLaBoyES XoU PUOVIXES OYECELS OTY| LOUGIXT| UTOROUY VO XOTAYROPOVY YeNOULOTIOLWVTAS TAELAOES, Aavidvov-
TEC Y WPOUC 1) UPYLTEXTOVIXES OTILC avadpOoWlxd veupwvixd dixtua, Transformers xan povTéla xaTdOTAONC-YOEOV,
EMUTEENOVTAC TNV TPOBAEPN GUYY0EBIDY, TNV aVIAUGT TKV JABOYWY XaL TOV TOVIXO YopaxTnelopd. Autéc ol
avonapao tdoelc unootnellouy éva evpl @doua TEOBANUAT®Y avdxTnoNne Houoxric TANeogoplas, CUUTERL Y-
Bavouévng tng ta€véunong avd eldoc xan dexaetia, ol onolec Bacilovton oe potiBa tévou, cuyyoedldv xa dlado-
YV YLOL TOV TPOGOLOPIOUS TOU GTUA 1 TV YpoVX®Y cuppealouévmy, oo xou e tpoBiedmne xou dnuiovpyiog
oUYY0EOLDY, OL OTOIEC HOVTIEAOTIOOUY TNV CpUOVIXY) CUVEYELXL XL T 0TUAOTXES Tdoelc. Ilépa amd autd, ol
SUUPBOAXES avamapao TAoELS Sleuxohivouy eniong TNV aviyveuon xAewdidv, Ty napaxohotinon puduold, Ty e&-
aywY? uehwdlag, TNV apuovixy avdAucT), TNV OUOLOTATA HOUCLXNG XOL TNV AVAYVOPLOT GTUA, THpEYovTac €val
loyLed TAACLO YioL TNV OVEAUGT, XL TN LOVIEAOTOMGN TG LOUOXNC UE EVaY UTOAOYLOTIXG Xol JOUCLXA OUGL-
aoTixd TPOTO.

1.1.2 Axorouvdiaxd Movtéla

H povoue elvan eyyevade dladoyxr xau 1 dopn tne, mov Booileton oe ypovixd e€aptiueva potiBa dnwe 1 évtaon,
7 emthuom xou 1 emovdAngn, amoutel Lovtéha mou umopoly va xataypddouy Tig ypovixés oyéoelc. H Bodid pdiinon
TO XATEGTNOE AUTO SUVITO PE TNV ELOAYWYT) UPYITEXTOVIXMY VGV Vo pordofvouy paxponpddeoues eapthioele,
EEXLVOVTAC oo TOL AvVOBPEOUIXA VEUPWVIXA S{XTUA Yo TLC TAUPUARAYEC TOUG PE TUAES, Tl OTOld YENOLOTOLOVY
unyoviopole uviung yia va dtatneodyv ta cuugealoueva. 1o npbdogates npooeyyioelc, cupnepthauBoavouévewy
TWV YovTéAwY pocoy ¢ mou Bacilovta ot Transformers xon Twv LovtéAnmy xatdoTaong-Oeou 6nwe To Mamba,
Behtudvouy tn paxponpbddeoun poviehonoinon xou Ty napdhhnin enclepyooio, xoioTMOVTAG TO ATOTENEGUATIXG.
yioo extetopéves Louoixés axohovdlec xou moAutpomixd dedopéva. AUTH 1 UTOEVOTNTA TEPLYRAPEL AUTEC TiG
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OEYLTEXTOVIXES, TOUG UNYOVIOUOUS TOUC XoL TOV PONO TOUC GTNV avAXTNGY HOUCIXMY TANROQOELOY, EENYOVTIC
TS pordalvouv xa dNutoveYoly HoUsLXd onuavTixy) dou.

Avodpopxd Nevpwvixd Alxtua

Ta nopadootaxd dixtua TeodUnone ayvooly Tic ypovixés elapthioelc. O mpwteg mpoonddeieg avtuyetdmloy
TOV XPOVO WC WAl ETUTAEOV YETABANTY YPNOWOTOLWMVTUC YWEIXES AVATUPUOTAGELS, oAAd amoutoloay oTadepd
uixoc eloddwy, dev urnopoloay va xadopicouy TéceS Tpoowptvés anodnxeloels ypetdlovtay ¥ TdTe ENpENE v
egetootel xdde delypo xou Sev unopovoay var Sloxplvouy Ty amohuth and T oyetix ypovixn Véomn. Avtl va
avTtwetoniletar 0 xpdvog K¢ Wi VEo SIAoTIoY), ovamTOXUNXE Wil OTAT) UEYLITEXTOVIXY) VOBEOUIXOU VEURMVIXOD
duxtbou mou a€lomotel TNy eniBpaoy Tou YEOVOU GTA BESOUEVO YENOUOTOLWMVTAS TO Ypovixd TAdiolo we elcodo
[3]. H xpugh tou xotdotacy) YETUpEpEL TANPOPopiec o Gt Ta Ypovixd Buata, ETLTEENOVTNS 0TO JIXTUO v
Yupdton TPONYOUPEVES ELGOBOUE Xou VoL TOPEYEL HEANOVTIXES EEGDOUC, (OTE ToL OVAdPOUIXE VEUPWVIXE dixTua
Vo xatorypdpouv téoo Tic Beoayumpdieoues doo xou Tic poxponpdleopes efopthoels yio epyaoies Stabdoyixhc
avdhuong.

Anhd AvadSpouixd Nevpwvixd Aixtua To anid avadpouixd veupwvixd dixtuo anotehodvion and yia
%xpLOT xatdoToon hy TOL EvuEp®VETAL oE Xde Ypovixd Briua ue Bdomn TNV TEoNYoUUEVT XpupY| xoTdoTaon Ry
%o TNV el00d0 T¢:

he = ¢(Wawe + Wihi—1 + by) (1.1.1)

‘Onou ¢ avTinpoowWNEVEL TN U1 YRAUUXT cuvdpTno evepyomoinone, W, xau Wy, elvon o mivaxeg Bapddv tng elo6-
BOUL TOUL ETUTEDOU Xl TNG TEONYOUHEVNE XPUPHEC XATACTAONC TOU ETUTESOU h(t_l) avtioToiyo xou by avtioTolyel
oTov didvuopa yeporndiog.

To otoBoyuéva avadpopixnd veupmvixd dixtua SladlBouy TNV XpuPH XATACTACT) EVOG XATWTEEOU EMNESOL WS &l
6000 GT0 ENOUEVO ETNEDO, EMTEETOVTUC OTA AVMTERX ETIMEDA VoL HSIOUY TLO APNENUEVES YPOVIXES AVATAEAO T
oELC.

H exnaidevon pe onotodiddoon péow tou ypévou (Backpropagation Through Time) unopel va unootel and
eZagpavilopeves 1 exprxtinéc xhioews (gradients):

oL OL

o~ on;

Ohy,
1 8hn— 1

(1.1.2)

Edv 1 vopua xdide 6pou 822:‘1 elvon <1, n ahlon e€apavileton. Edv efvon >1, expriyvutar, TpoxoldvTag XoL oTiq

BU0 TMEPINTWOELS AVATOTEAECUATIXNY eEXTAUdELOT oE Porthd dixTuaL.

Avt n aotdidela tne xhlong neplopllel Tor amhd avadpouixd VELpwVIXE BIXTUA VoL LOVTENOTIOLOUY OTOTEAEGUATIXG
oyetwd cvvtoues axoloudiee [4].

Aixtua Moaxpdc xow Beaysioc MvAung  Ta dixtva poxpde xon Beoyelac uviune [5] enexteivouv ta
amhd avadpopind veupwvixd dixtua yio va yetpllovton poxpés axoroudies puduilovtag tn por TANpoPopldY UEcw
evée xuttdpou uviune. Xwellouv tig ypovixéc mhnpogoples oe éva Beayunpddeopo pépog (xpuey xatdotaom
he) xou éva poxponpddecpo pépoc (xatdotoon xeho ¢;), yetptdloviog To TpdPinua tne e€apdvione tne xiione.
Kdde xehi popdc xan Bpayeiog uviung yenowwonolel tpec mokec: AMONC fi, el0680uL iy xou e£6B0U 04, oL oToleg
EAEYYOLY T1) BLUTHENOY XA TNV ATOPEOPTON VEWY TANEOPOELOY hAd X TNV EXVEST TNG XATACTACTC TOU XENOU,
avtioToya
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fi =0 (Wyx; +Ush,_; +by), (1.1.3)
i, =0 (Wix, + Ushy_y + by), (1.1.4)
o, =0 (Wox; +Ushy_1 +b,), (1.1.5)
¢; = tanh (W.x; + Uchy 1 + b,), (1.1.6)
ci =1 Oci_1+1i; © ¢, (1.1.7)
h; = o; ® tanh (c;) . (1.1.8)

‘Onou o dnAGOVEL TN oLy poEedT) cuvdpTnoT evepyomolnone xou tanh etvon 1 unepBoiuxn egantoueviny cuvdpETNoT EV-
gpyomnoinong, ©® avunpoowneleL TOV TOAMATAACIAOUS oTolyelwy xa bf, b;, by, b elvon ol mapduetpol yetatdmong
TWV TVAGY AUNE, elo6dou, e€680L xau xeA0U avTioToLy A

Avtéc oL mhleg emtpénouy oTo Bixtuo va dlatneel por oxeddV otadepn] poY) CPUAUATWY, CTUVECOTOIWVTAS TN
duddoon g xhiong oe peydheg axohroudiec. Evd tor (Bl uTERTEPOLY TWV AMADY OVOBPOWUXDY VEURPLVIXEY
dixtOwV oe yeyolitepeg e€apthoelg, e€axoloutoldy vo amoutolv mpooexTixy] pOUULOYN TWV UTERPTOLUUETEWY Xol
ouvendyovion VYNAOTERO XOGTOC UVAUNG XAl UTOAOYLOTIXAE 1o 00C.

Avadpouixec Movddeg pe ITVAeg Ou avadpouxéc povadeg e mOAES elvol Wial ATAOTOINUEVY] TOROA-
Aoy Twv Oxtiwy poxede xon Bpoyelag uvAung, mou yenolponolel Aydtepous mapauéteous, eved e&axoloudel
vou xataypdget paxponpodeoues efoptioec. H mapodhhoryh) autr yenouromolel ot TOAN eVNUépwong 2 Xl Pidl
TOAY EMAVAPOREC T YLOL TOV EXEYYO NS PONC TANPOPOELDY ol TNV TEONYOUUEVN XpU@Y| Xatdotaon hi—1 TNV
urodpLa xpuET xotdoTaoT hy, EViPEpGVOVTOC TNV XpUPH Xatdotaon hy og eEhc:.

z, =0 (W.x; + Uh,_1 +b,), (1.1.9)
r, =0 (W,x;+Uh,_1 +b,), (1.1.10)
h; = tanh (W%, + Uj, (r; ©hy_1) 4 by,), (1.1.11)
hy=(1-2)0h_; +2z0h,. (1.1.12)

H nOMn evnuépwone z: ellooppomel v enidpoon TN TEONYOUUEVNS XPUPNS XOTACTAONG %ot TNG UTodrigpLog
XATAGTAGNE, EVE 1 TOAY) ENAVAPORICS T4 EREYYEL TO Bardud oToV 0Tolo 1) TEONYOUUEVT XpLET XoTdoTao ennpedlel
v vodrgia. OL avadpouixés povadeg e mOheg dlatneoly anoteheouatind Tig poxponpdieoues e€aptoelc Ye
Ay STEROUG TUPUUETEOUC amd Tol dlxTuo haxedc xau Bpoayeloe uvhiung , exmoudebovTal YpnyopoTepa Xol UELDVOUY
T0 %x6070¢ Uviung, av xou e€oxoroutolv va avtiyetownilouv duoxolieg ue egopeTixd peydhes axohouvdies xou
dev unopovv vo tapalhnhonoindolv oe ypovixd Bruata [6].

Movtéha Baociopéva oe Transformer

O Transformers e€olelpouy TNy avadpoutx6TNTA, AVTIETWTILOVTIG TO YPOVO WG pla ETLTAEOV BLdo Too), xou Baci-
Covtau o€ evowpathoee Véong xou pnyoviopolc avtorpocoyic (self-attention) yio var xatorypdouy napdhinia
Tig ypovixég e€apthoel. Ol evowpatwoelc Yéone xwdixomolody T oelpd tne axohoudiog, eite otaldepy| elte
expodnuévn. O unyoviopde avtonpocoyfc utohoyilel avanapaotdoels mou AauBdvouy urnddm to cuppealoueva:

11 A(Q, K, V) = soft < ! )V (1.1.13)
000 , K, = softmax 1.
pocoym o

‘Ornov dj, elvon 1 BLECTAOT TV BLOVUCUATOY XAEBLOV Xl YeNnotdonolelTal yia 0 oTadeponolnoy twv xhicewy
XoTd TN Bidpxela TNS exTaldeVoTNC.
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O petaoynuatiotéc unopolyV enioN Vo YENOULOTOLO0Y TNV TEOGOY Y TOAAATADY XEPUADY YLOL VO XATOY PG(POLY
TapdAAnAa SlapopeTixols Timoug oyéoewy. H apyttextoviny| xwdixomounTh-anoxwdixoronty anoteisital and
otoBaypéva eninedo pe Tpocoyr TOMATAGY XeQOAGY xou dixtua Tpowinone xatd Véon (position-wise feed-
forward networks), emitpénovtac tnv anoteheopotixt poviehonoinon oxohouthdv. To dixtuo npowdnone (AII)
elvan:

All(x) = ¢(W1ix + b1 ) W3 + by (1.1.14)

Hopd tny emtuyie Touc, o Transformers youv TETEAUYWVIXH UTONOYLOTIXH Xot Uvnovixt todurhoxdtnte O(n?)
WS Tpog To uhRxoc e axoloudiog, evEyeTon Vo YAoouv TANEOQoplec AOYW ENAEWYNC avadPOXOTNTOG Xol
anottolv peydia cUvola dedopévwy xar udmniolc uroloyiotixole mopove. Ilpbogates mpooeyyioel, dnwe N
yoouuxh tpocoy i To UBEWXE LoVTEN xatdoTaonc-Yweou (6nwe Mamba), otoyxelouv 610 Vo GUVBUACOLY
TNV AMOTEAECUATIXOTNTA TNG TPOCOYNAC UE TOL TAEOVEXTHUATA TNG OVAOROUXOTNTAS.

Movtéla xatdotacns-yweouv xar Mamba

Ta yovtéla xatdotoonc-yweou datneoly wa Aavidvouoa xotdotaoy X, mou e€ehlooetal pe tny ndpodo Tou
YXEOVOU, XATOYPAPOVTAS YPOVIXES EEAPTHOELS Xou EMNEEALOVTOG To AMOTEAECUATA Y. TN Baoixr Toug Lop®),
TEQLYPAPOVTOL WC:

X; = Axy_1 + Buy, (1.1.15)

H €€odoc¢ umopel enione vo exppaotel avadpopxd:

¢
y: =Y CA'*Buy + Du, (1.1.17)
k=0
'H 100d0vapa ot onuetoypapio cuvéhing yenowomdviaoc K = {CB, CAB, ..., CA*B, ...} wc mefva
(kernel):
y = Ku + Du (1.1.18)

Y0yypovee TopaAAaYES OTWE TO S4 TUPUUETEOTOLOVY anmotehecpatixd To A yia otadepd, mopdhAnio unolo-
Yoo, xataypdpovtag oaxpompdieoues eapthoelc Ye ypouuxry molurthoxdtnta 6To uixoc e axoloudiog,
xooTOVTAC TIC EnexTdoles Yo epyaoies Batde pdinone oe yiwooo, Ao xou ypovooeigéc. Ot neploplopol
nepthauBdvouv 0 Suoxolla povielonolnong eEoupeTind SUVOLXDY axohoLTLADY, ToL EUTOBLO 0T UVAUT Xol TNV
eotioon o xoadohxd potiBa EvavTtt TomX®Y.

H opyitextovixy Mamba To Mamba enexteivel to S4 elodyovtog emAEXTIXES TUPOUETEOUS YDPOV XAUTAO-
TAOTG OV TEOGUEUOLoVTAL SUVaULXd GTNY (0000, UE ATOTEAECUN TUPOUOLO UE TNV TEOCOY T, AN UE YROUUIXO
x60t0¢. YTrmootnpllel enlone ouuneplpopd TOAMATAGY xMudxwy (multi-scale), xataypdgpovtog eZopthoelc ot
dlapopeTiéc Ypovixég Blaotdoelc. H apyitextovinn tou €xel oyedlaoTel yiol Yooy XAUEXWOT S TEOC TO
uhxog tne axohoudiog, otodepr) uviun avd obuBolo (token) xan mopgalkniomoinon pe a&lomonon Tou LAXOD
(hardware). To yelovexthpota TepthopBEvouy aLENUEVY TONUTAOXGTNTA, JUOXONGTERT EQUNVEUCIUOTNTA Xol
oY) aVaTOTEAECUOTIXOTNTA Yiol cUVTOUESC oxohoudieg 1) epyaoieg Ue meploplouévo dedouéval.

30YxpLon ApYLTEXTOVIX®Y

Ta Sdoyd poviéha €youv eéelydel wote va e€looppomoby 11 poaxponpdieoun poviehomoinor xou Tnv
anodotixdtnta.  To amAd ovadpouxd VELUEWVIXG BIXTUA ELOAYOUY XPUYES XATUCTIOELS, AAAS LTOQEPOLY amd
eZopavilopeves/ expnruixéc xhoelc xou ENAewn TopahAnhomoinong, eved oL TapUARAYES TOUC TIOL XpNoWLOTO00V
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mOkeg Bertidvouy Tt otadepdtnTa, ahhd e€oxohovdolv va avTidetwnilouy TeoBAfuaTa Ue TOAD UEYSAES AXONOU-
Yiec. Ou Transformers xatopyolv Ty avadeoxOTNTA, XENOWOTOLOVTIC AUTO-TPOGOY T Xt TAnpopoplec Yéong
v var xotarypddouy T xotolnée e€optioeic, oAAG 1 TETPAYWVIXY TOAUTAOXOTNTA TOUC Toug oo Td Bo-
navneole yia poxeés elo6douc. To Mamba cuvbudlel Tar TAEOVEXTAUOTA TV AVAUOPOULXWY XAl TV UOVTEAWY
Tou Bacllovion oTNY TEOCOY T UECGK EVOS ETUAEXTIXOV UNYOVICUOD XATAGTACTIS-YOEOU TTOU XAULOXVETIL YROUUUX
ME TO Unxog tng oxorouvdiog xou xataypdgel T6c0 TN Beoayureddeoun 600 xar TN LoxpomedYecun Bour, oV oL
1 TOAUTAOXGTNTE Tou Umopel vo eUmodioel TNV andédoor o€ wxpdTepes axolovdeg dnou amholoTEpa AVAdEOUIXS
povtéha pnopel va elvon o amoteAeoUoTXdL.

1.1.3 Movtéla Aavidvouvocag AndoTacrg

Toa Movtéha Aavddvovoae Andotaone (MAA) avamoploTody SixTua EVOWUATMOVOVTIS XOUPOUC OE Evay hotv-
Ydvovta ydpeo, cuvidwe euxheldelo, émou 1 andotaon YeTo€l TtV xoufwv xodopllel v mbavétnta plog
ouvdeone. O xéuPot mou Peloxoviar Mo xovtd oe autdv tov Ydpeo elvar mo mbavd vo oynuaticouy axpéc,
ETUTPENOVTAS OTO HOVTENO va xortarypdupel Bopxd potiBa dnwe yetaBatixdtnra, opadonoinomn xou opoguhio ywelc
TpodLaypa 1] Yaeax TNELo TIXwY Ue ovlpomivr nopéuBact. Ta povtéha auTd Tapéyouv €va YEWUETEIXO oL EQUY-
veboo mhalolo Tou unopel va epopuoctel Tépa and Tal xowwvixd dixtua, ota onola yenowonoininxoy opyxd,
yia TopddelyUo o pouoixd otolyelo 6mwe ouyyopediec ¥ potlBo, amoxahiTTovTaS XPUPES CYECELS Xal BOULXE
potiBo mou dev elvon epgovy and tnv empavelaxy] avdivor. Autéd unoypouuilel T6c0 TNV gueMéio TwV UOV-
TEAWY Aavdvoucog andoTaone 600 Xal TN YENOWOTNTA Toug S BAon Yl TNY XATAVONoT, COUVIETWY OYECLOXMY
OEBOUEVLV.

Boowxéc Apyéc

Ta povtéha Aavddvovoac andotaone, dnwe xow ToANd midoavotixd povtéra, Boaoilovta oe otatiotinés Yedo-
doug vl TNV extiunon nopopétewy xou Aavioavouskv yetoBAntayv. Ot yédodol mou avapépoviol oe auTH TNV
unoevoTNTA elvor oL oTaTio e pédodol Tou e€nyolvTal ToEAUXETE.

Aoviotixfg ITaAwdpounone Ta poviéda AoyloTixic noAwdpdunone elval oToTIOTIXG LOVTERA Lo
duadixd amoteréopata. Kadopilouv tov tpdémo pe tov onolo ta yopoxtnploTixd X ennpedlouv To amoTéheoya
EVOC YEYOVOTOC ¥ YPMOWOTOLOVTAS TN AOYIo T cuvdptnon:

1

Pr(y=1\$):m

(1.1.19)

Me B va elvon ol mapduetpol tou poviéhou. Ou hoyoprduixéc mbavoTnteg Tou YeYovoTog elvol Ypouixée o
OYEON UE TOL YoPAXTNELOTIXNG:

Pry=1]2)\ _
log(Pr(y:(”x))— 8 (1.1.20)

Yta govtéha Aaviddvouoag amdoTaong, auth 1 cuvdptnon xadopilel Ty mdavotnTa Uupdng axuwy ue Bdon g
AMOGTICELS GTOV AAVUEVOVTO X WEO.

Extiunon Méyiotng Ivdavogdveiac (EMII) H extiunon péyiotne mdavogpdvelas eivon o pédodog
extiunone napopéteny mou arnogacilel ye Bdon moleg Twwée mapauéTeny Yeyiotomolelton 1 mdavopdvels Tev
TEATNEOVUEVWY DEBOPEVWLV:

Oniip = arg max L(6; dedopéva) (1.1.21)

‘Onouv L(0;dedopéva) = Pr(dedopéva | 6).

Yo govtéda havddvovoag andotaong, N extiunoy wéylotng mdavopdvelag Uopel vo exTiufoet T Aaviddvouoa
Véom z; xou TOPAUUETEOUS OTwE To B oL xohoToUY To TopaTNEOVUEVO BixTuo To Tiavd va €yel TeoxlPel 6To
mhalolo Tou povtéiou.
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Mrnebliaveg MéBodor  H unebliovy| cuunepoacuatoroyio avtiuetonilel Tig mapopéteous g Tuyaieg uetoBA-
ntéc mou €youv mponyolueves xatovoués p(0) xan yenowwonoiel ta mopatneodueva Sedopéva yio vor oy nuatioet
TNV €X TV VOTEPWY XATAVOUH:

Pr(6 | dedopéva) o< Pr(dedopéva | ) Pr(6) (1.1.22)

‘Onou Pr(8edopéva | 8) elvon n miovétnta tov dedopévmv pe Bdon tig mapopuéteous 6.

Ye avtideon pe v extiunon uéyiotng mboavotntog, n onola xodopilet Tig TS TwV Tapapétewy, ol urebllavég
uédodol TaEEYOLY LAl XATOVOUY| TOV TOLUUETEWY.

AXvoida Markov Monte Carlo H ohuo(da Markov Monte Carlo elvon uio umoloyiotiny| uétdodog yio
™ detypatohndla and pio odvietn xatavopr mdavotitwy, 6mwe to unebliavd povtéda. Kotaoxeuvdler wa
oxohoudio eZapTMUEVLY BELYUATWY TTIOL TEOGEYYILOUY TNV XATAVOUR-GTOYO YE TNV Tépodo Tou Yedvou.

To Baocwxd Movtélo

To Movtého AavOddvouvoag Andotacne Tao yoviéla Aavddvouoas anéotaonc avanaplotoly dixtua
aviiotolyilovrac x8de x6puPo i pe To Bldvuopa 2z; ot évay havddvovta suxheldelo yoOpo ddotaonc d, z; € RY. H
1€ Tlow amd autd To povtého elvan 6TL 1) andoTacT) Tou ywellel 8o xduPouc avtavaxAd Ty midavdTnTa Unapgng
o axepnc petod toug. O xéuBot mou PBeloxovtar mo xovtd petall toug elvar mo mdavd va polpdlovton o
olUvdeon and 6,TL exelvol mou Bploxovton To poxpELd.

Tt un xoreuduvépevn éxdoor autod tou govtélou, 1 mdavdtnta UnapEng pog oxuhc Letold twv xouPwy i
X0l j LOVTEAOTIOLE(TAL YPNOLWOTOLOVTAG ot AOYLoTIXY cuvdpTnon obvdeang [7]:

1

Pr(Yi; =1]z,2,p6) = 15 olzi—=1—-8

(1.1.23)

'H oc popgt logit:

logit Pr(Y;; =1 2,2;,08) =8 —|lzi — %l (1.1.24)

Ytoug mopandve tonoug , Y ; elvon o mivaxag yertvioong, Y; ; = 1 unodnidver v Umoedn ounig xan Y; ; = 0
T0 avtideTo, ||z; — z;|| uTodnhdVeL TV euxheidelo andotact PeTaED TV xOUBwV © xat § xou B elvan 1 xodohuxn
TUPAUETEOC IOV EAEYYEL TNV TUXVOTNHTA TOU AaviddvovTtog yweou. Mixpdtepeg Tiwée B pewdvouy tny mdavotnta
MG OXUAG Yt ot DEBOPEV amboTao), EVE UEYONDOTERES TWES TNV awEdvouy, YeTaToTiloVTaS ATOTEAECHATIXG
™0 hoYloTx xoUmOAY xou tepLoptlovTag euueca T YewpeTpld, €ToL (OOTE TO LOVTERO VoL UTOPEL Vol TPOGUPUOCTEL
oTa dedoUEvaL.

H eyyOtnta otov Aavidvovta yheo uTodnh@VeL evvolohoyixd xouBoug mou eivor Aettoupyixd topdpolol. Auth
1 Sour eMTEENEL GTO LOVTENOD VoL EXPEALEL XL VoL XATOYPAPEL WBLOTNTES TOL dxTUoV, dTwe 1) YetofotixdTnTa, 1
ouadomoinoy xou 1 opo@uiia, ywelc va amoutelton et xwdlxonolnon yapaxtneloTixy. To xateuduvouevo dixtua
umopoly emiong va VAoToUoUY PE TNV EXYWENON EEXWELOTOY AaviavOvTwy Blavuoudtwy Yio Toug XouBoug
AnOGTOMC X0 APNE, TPOTOTOLMVTAS TOV PO ATOCTUCNC YLOL VoL TPOCOPUooTE!l TNV Xatebduvor Tng oxuhc.

Ou mapdyetpol Tou povtéhou, ol Aavidvoucec Véoelg z; xar 3, mpoxdnTouv amd Tov Tivoxa YelTvioong
mou mapatneNdnxe ypnowwonowwvtag Yedddoug otatioTinic cuunepocuatoloyioc. H extiunon péyiotng mi-
Yovopdvelag dlvel pia eviaio Slopdppwon tou yeytotonolel Ty midavopdvelag Tou dutbou tou topatneRin e, eve
n unebliavn cuunepacuatoroyio, o cuvduaoud e tn derypatolndla ciuvcidag Markov Monte Carlo, Snuiovpyel
fLoL xatarvou ) oTig Aavddvouoeg YEoELS Xt THpaUETEOUC, ELGAYOVTUS oBEBaOTNTI GTO HOVTEND Xal XA O TWVTAC
TO TLO EVENXTO.
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Figure 1.1.2: Avonopdotacy poviéhou havddvousac andotaong (o) pe ypfiomn extiunone uéylotnge
ndavogpdvews, (B) ue yeron pedddwy [7].

ITepropropol xou ITaparAayeg

Evd to Booixd poviého Aavitdvoucos andcTaone TEOCPEREL VOl AAG Xl EpUNVEVCLLO TAXICLO Yio Oy eaLaxd Oe-
BOUEVAL, UTIERYOUV OPXETEC EMEXTAOELS, CUUTERLAAUBAVOUEVKOY LOVTEAWY TIOU XATAYRAPOLY TN BOUN TNG XOWVOTY-
Tag, TN Xeovuer duvouxy, Teéc¥eTeC GUVBLIXOUAVTES UETABANTES xan evahhaxTixéc YewueTpleg, dmwe unepPo-
AxoUg 1 oQonpxols YWEoUS, Yia TNV XaAOTERY) OVUTURAC TUGT LEQUEYIXWY BIXTUWY 1 BXTUWY Ywelc Al
(scale-free) [8], [9], [10], [11]. Topd tnv evehi&la xou THY EPUNVELCWOTNTE TOUC, Ta LOVTERN QUTH €YOUV TEpL-
0plOUOUC WS TEOE TNV Anddoan oty poviehonolnon axohouthdy, xadoe anattody yewoxivto oplogd xOuBwv
O OOV o elvon evalodnTo 0T Bl TaTIXOTNTA TOL AavAVOVTOC YMEOU Xl WE TEOG TNV XAUAXWOT NG
napapéteou B. Ilap’ dha awtd, mapéyouvv mordTIHES TANPOQORiES Xou Yiat EVvolohoyixY| Bdor mou eviappeivel T
¥efon mo TEONYHEVLY HOVTEAWY aXOAOUTOY.

1.2 Ilgdtaom

1.2.1 Kivntpa xou gpeuvnTixoi ctdyoL

O\ neplocdtepeg mpdogate npooeyyioeic avdxtnone Bacilovtar oe ToAUTAOXA POVTEND, dTwe awTd mou Paoi-
Covton oe Transformers, to omola elvon uTOAOYLOTIXG SamavnEd oL TEOCPEPOLY TEPLOPIOUEVT] EPUNVEVGULOTNTA.
Axbpa, ol npoceyyiceic mou yenoyonooly cUUBOAXES avamapao Tdoels cUVHTWLS avTeTwilouy o Teayoldld
S ONOXANEES OVTOTNTEG, AYVOWVTAS TNV ECWTERIXY) TOUC Boun Xou To OTL Tal cuuEaloueva TdAVOS UETOBEA-
hovton xotd ¢ UETUBAOELS OE EMOUEVO TURULOTAL

H napotoa dimhwyatinn epyacio dlepeuvd npooeyyioels TeplocbTepo epUNVELCLUES X0l OTAEC AELOTIOLVTOG UOV-
Téat oL Yprotdonololy avodpopr] xat extoudebovde to mhvew oto clvoho dedopévwyv Chordonomicon, plot
HEYAANG xh{poxac cLAAoYY SlaBoy Wy cuuolxdv cuyyoedidv. To enixevipo eivan 1 a€lohdynon tou xatd técov
OL TILO ENAPPLES APYITEXTOVIXEC UTOEOUV VA ATOBDOOUY AVTOYWVLO TiXd, TEEYOVTAS TAUTOY ROV EPUNVEUCLLOTN T
HECEL UOVTEAWY AavDEvOUCHS ambOOTUONS Xl AVIAUGTC TOU GUVOAOL BEBOUEVEV.

M Baowr) xawvotopia elvon 1 o€lomoinom g SouRc Twv cuyyopdidy, dnhadrh 1 aroclvieon toug oe plla,
oot poll Pe EMEXTACELC XU UTMECO EMTEEMEL OTOL UOVTEAL VO XAUTOYPAPOUV TIC OPUOVIXEC OYECELS UE
peyahtepn Aemtouépeia.  Ou mpofBrédelg yivovtar o eninedo TUNUATWY xou O)L OAOXANEWY TEAYOUDLLDY, av-
TUVOXADVTOG TOV TROTO UE TOV 0Tolo Ta HoUod cuPPEaloUevVa dAELoUY HETAED TV TUNUATOY aUTOY. AuTi
1 CLUVBUAC TN TEOGEYYLON XAAUTTEL €val xEVO oL evioTioTnxe oty BiAloypapla.

10



1.2. Tlpbtaon

Yto apywd otddlo e epyacioc avtic epapudlovita otatiotxéc pédodot Pactouéves oe axohouvdiec urixouc n,
TEOCPEPOVTUC EPUNVEUCLUES CTATICTIXES OTTIXES YL TN LOUCWXH) DoY) o8 CUVBLUCUS UE HOVTENX havidvovTog
yopou. To povtéha autd Snuioupyoly évay havidvovta yoeo dmou oL anocTdcE AVTIoTOLYOUY GE OUOLOTNTES
TWV TAELAOWY, EMTEENOVTOSC TNV AVABELEY) LOUGIXE OUCLICTIXWY TEOTUNWY Ylot TEoBAAUNTA OTwe 1) TakvounoT
eldoug xan dexaetiog. LTn CUVEYELD, TEAYUATOTOOVOVTAL TELOGUATA UE axoloutloaxd LovTENa, Baclouéva oTny avd-
dpaom, yior TNV TEOBAEP cLUYYOEBLOY, AELOTOLWVTOS UTOGUVTEVEWUEVES OVITOEAUC TAGELS GUYYOPOLOY X0l TANEO-
popla ouupealopévev ot enlnedo TUNUATWY.

Me Bdon autd ta xivntea, ol x0plol aToyol auTAS TNS SMAwUATXAC elvon oL e&Rc:

o Extéheon oTatioTixnig avdAuong ToU GUVOAOU GUUPBOAXDY BESOUEVWY UEYIANC XAHAXAC VIOl TOV EVTOTOUS
OTOLYELY JLOC HOoUod onuavTixic Sounc.

o Egapuoyr epunvedoluny HovTéAwy, 6mng Bovtéha Aavidvoucas andoTaong, Yo TNV Amoxahun aprovixdy
X0l GTUNOTIXOVY OYECERY Ue Bdon otatiotxd otolyeia axoloudiwy prixoug n.

o A&LoMOYNOT ENAPEEDY UPYLTEXTOVIXDY, CUUTERLAAUSBOVOUEV®Y LOVTEAWY OVOBEOUTC XAl XUTAOTACTG- Y WOEOV,
o€ TEOPBAUAT AVAXTNONG LOUCIXOY TANROQORLOY Pactouéva oe cUUBONXESC AVATUPUOTACELS.

o EZepelvnom anocuviedeluévonv avomopas tdoewy ouyyopdudy (pila, todtnta pall pe enextdoel, undoo)
%ol TunUotonoinong oe eninedo TUNUdTLY Y Ty aflohdynon tng enidpacrc Toug ot meoPAfuTa TEOB-
hedng.

o J0YXPLON TV ANOTEAECUATWY PETAED TWV EMAOYOV UOVIEAOTOINONG, EVOWUATOVOVTAS ToL EVPHUATA otd
OTUTIOTIXES, AVADPOULXES Xl XATACTACTG-Y POV TpoceYYioeLS.

1.2.2 Eniox6nnorn Tou npotelvopevou nhaciou

H perétn auth] yenotponotel 600 cuumAnpwuaTiXés Telpopatixés dladixaoies éyovtag we Bdon to Chordonomicon.

3TATLOTIXT) LOVTEAOTOLNOY XAl LOVTEAOTOINGCT AavIAVOVTOC Y ®WEOoL Yia TAELVOWUTN O

H mpdtn Sodicacio yenotwonolel axoloudlec urxouc n, yéylotou unxoug €€L, yla vo xatorypdder tomxée ap-
povixéc e€apTHOoELS Xal LOVTERA AavIAVOUCAC AMOC TUONS YId VOl EVOWUATOOEL AUTES TLS axoAoudleg oLy opdLLY
o€ €VOV GUVEY T Y WEO, OTIOV OL AMOGC TACELS AVTAVAXAOVY TNy odoldtnta Toug. o Tn Blayelpion TNV cuVBUAC TIXAC
TOANTAOXOTNTOG, OG0 AUERVETAL TO UAXOS TV SLUBOY MY, YENOUOTOLEITOL U0 ATOVIXT] VITAPEo TUoNE XAVE CUY-
yopdlag (xpateiton wévo 1 pila, té&n tévou 0-11). Axdua, yiveton }pron ENAPEMY CPYLTEXTOVIXDY AVOBPOUXGOY
VEUPOVIXAY BIXTUWV WE WETPO oUYXELONG Yot Tal TeoBAApaTa TNg TaEvounomg.

Axolouvdiaxr, poviehonoinoy yia tedBAedn cuyyopedindy

H beltepn dodixacia diepeuvd Tic Ypovixég e€UpTHOELS XAVOVTAC XPNHOT 0XOROUTLUXDY JPYLTEXTOVIXMDY Yo TNV
neoBiedn ouyyopedidyv. O cuyyopdiec avanopiotavta elte we pepovouéva obufora elte anocuvtidevta oe
ella, motdtnta woli e enextdoelc xou yndoo. O npoPAédelc yivovtan oe eninedo tunudtev yior vo xatorypeddhouv
o ouppealouevo xdle TUAUATOS, aVTETOTILOVTAE TOUS TEPLOPLOUOUS NG HOVTEAOTOINONS OAOXANEOL TOU
TEAYoUBLOV.

I'evixy Ilpoontixy

O1 800 pedodoloyinég npooceyyloelg Aettoupyoly cupmhnewuatxd. H otatioter xou Aavddvouoa avanapdotaon
e€etdler ™ dopr) Tou cLVOAOL BEBOUEVKV Xt TS OYECELC TTOU TPOXVUTTOUY €SO amd auTd, EVE 1) axohoutiaxt
povtehonoinom eotdlel oty TEOBAedn cuYYOEBIOY XaL 6TOV TEOTO PE TOV 0Tolo 1) DAOTUOY) TOUS XIS XoL 1
BLdoTooT TWV TEAYoUBLWY o emépoug oTotyelo enneedlel Tn HAINoY JEUOVIXGY IXOAOUTLOV.

O ouvduaoudc Twv BLO TEOCEYYICEWMY ETUBLOKEL VO LOOPEOTAGEL TNV EQUNVEVCLUOTNTA TNG SUYBOMXNAC avdiuoTg
HE TNV TEOYVOOTIXH oY) TV HOVTEAWY, Oelyvovioc OTL amodoTixéc xal xatovontég uédodol umopolv vo
amoxalbdouy ouctac T TANpogopia oyeTXd Ye TN dour TNe Tovixic pouvonc xou va otneifouv Tic avtio-
TOLYEC AVOADOELS XL TOL TELRAUOLTOL.

11



Chapter 1. Extetapévn Ieplindn oto EXAnvixd
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Figure 1.2.1: Ou 800 poég eneepyooiog yio to povtéha medBhedne cuyyopdudy, (a) N tpocéyyion evog
ouuBéhou avéd cuyyopdia xat (b) 1 tpocéyylon evic cuufBohou avd cuctatnd tne cuyyopediag (3-6pot).
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1.3. X0voro Aedoyévwyv xar Avdluon

1.3 X0Ovolo Acdouevwy xar AvdAuaon

1.3.1 Enwoxénnorn Xuvoiou AcdopEvmy

Ou ouyyopdieg elvon peilovog onuactag yia v avdhuon tne Louoixig, xat ol tpdcgateg e&ehléelg otny Avdxtnon
Movowtc IThnpogoplac (AMII) éyxouv aviAoer v avdyxn yia eydha, xohd dopnuéve ovvora Bedouévwy.
Qotéoo, 1 dnwovpyio Tétolwy Tépwy elvol WBLodtepa SOOI AOYW TWV TEQLOPLOUMDY TVEUUITIXWY BXOUWUATELV
XL TNG EYYEVOUS opplonuiog e wovouxrc avanapdotaons. AuTtd 0dnyolv e ACUVETEIEC OTIC ETUONUELDOELS
XTd TNV CUAAOYT| TN %add¢ Tar Bedouéva mpoépyovTal xuplwe amd yeroteg ywelic enionun emuéheia.

To obvoho dedopévwyv Chordonomicon avtiyetwnilel toAhd and autd tar {NTALATO TEOCPEROVTIC TT) LEYOAUTERT,
cLANOYT SUUPBOAXGY BLaBOY WY CLUYYOEBLWY UEyel ofuepd, Ue Tdve and 666.000 emonuewwuéva tpayoldia. To
dedoyéva npoépyovtar and to Ultimate Guitar, émov and to Simhdétuna Tparyouddv xpate{tal To To aflomoTo
péow otaduopévay aloloyroewy. Mo dadixacio xavovixoroinong guhtedpet T TEOBANUATIXES XUTUYWEHOELS,
aponpel TIg TEPLTTEG EMAVUAPELS GUYYOEBLOV EVE TIC UETATPENEL OAEC OE TUTOTIOLNUEYY) HOPYT| UECW TNG CUVTAENC
Harte [12]. To 8edopéva tou telixod cuvohou elvan o cupgwvia enione pe v Ovtohoyia Aeitoupywhc
Appoviag [13] xou eéyyovton and eldixolc mou Stac@olilouy T Lovo| CUVETELX.

To clvolo dedouévwy mepthoufBdvel enlong eTxéte Soxwy TUNUdTeY Tou Ywellouv xdlde teayoldt, xou eivou
eumAouTiouévo Ue petadedouéva mou avoxtovtal péow tou Spotify API, énwe tn dexaetio xuxhogoploc, to
eldog LOUCIXAC TOU XOANLTEY VN XL ToL GYETIX ovory VWpeloTixd, 6tay autd to ototyelo elvon dlodéotpa. Iapdro
mou e€axohovdel va uTdpyel xdmolog BopuPog pall ue Un LOOPPOTNUEVES XATUYWENOELS UETAEY TV XATHYORLY
xat ehheldelc ota petadedopéva, N whipaxa, 1 dopn xar oL Thovoleg TANEOYopie TOU GUVOAOU Bedouévwy TO
%xordoToLY €vary TOADTYO TOPO YLoL TNV €PELVOL Xl AVAALGT) 0TO TEdo TNg LoVaLXC.

1.3.2 Eaywyr XopaxtnploTixwy

To Chordonomicon cuvodeletar and wa apywxt) E€epeuvntins] Avdhuon Aedopévev (EAA), 1 onolo dielrydn
amd Toug dnwovpyolc [14], yio vor TapéYEL Uiol YEVIXH EOVE TN XATAVOUAS TWV CLYYOELDV X0 TWV SOUXMOV 13-
otitev. Me Bdon autd to undPodpeo, Sielryaue Tn S| wag eEEpELYNTIXY AVIAUGT) SEBOUEVLV YLa VoL ey dyOUUE
oplopéva Bactnd YapaxTNELo Tixd omd To GUVORO BEBOUEVWLY XAl VU TTUPEY OUKE TEPLOCOTERES TTANPOGOpieg OYETIXd
HE TN Sopn Tou xou T oyéoelc PETAED Twv dedopévwy. o va xatavorioouye xahldtepa T0 GOvoro dedopuévey,
petatpédope Tic axoloudiec ouyyopdidv and to Chordonomicon oe Bidpopec HOpPES YoEuXTNELC TV, xadeulo
and Tic onoleg el OYEBLACTEL VLol VOV CUYXEXPULEVO TUTO AVAAUGCTG.

Aopixd Xapaxtneiotixd Teayoudiny

Ye eninedo Tpayoudlol, yenoidoroiinxay petadedouéva oyeTixd pe to eldog, TN dexaetia xuxhogpopiag xou To
AVOLYVWRLOTIXE TV XAAATEY VOV, YO VO XOTAYEUPEL 1) XATOVOUY) TWV TEOYOUBLMY ol TWV XOANTEY VOV O OAeC
T xotnyoplec. Xe eninedo yepndv, eldyoue douwxd pétpa, OMWS TOV oELiHo TV TUNUATOVY avd Teayoldt ol
70 péyedog TV TUNUATOY GUVOMXA xou o oéon Ue To eldog xou TN dexactio. Autd Ta yopaxtneloTixd dev
e€UPTAOVTOL ON6 TNHY TAVTOTNTA TWV GUYY0EdLDY, 0ANE utootneilouy Tic Souxés avahloeLs.

Xapaxtneiotixd AnocOvisong

H oOvtagn tou cuvdlou dedouévwy emitpénet Ty edxoAT avdivon xdde cuyyopdlag ota Baclxd TN cuoTaTixd,
™ pilo, TNV TOLOTNTA, TIC EMEXTAGELS XAk T VOTO TOU UNAooU. AUTY 1) avamopdoTaoT] ENLTEETEL THY OVAAUCT TNG
QPHOVIXTC TOAUTAOXOTNTOG XOL TNC OTUMOTIXAC YeNong, eoTidlovTag EexmwploTd ot xdde uépog Wiag ouyyopdlag.
Mo tétola avdiuor nepthouBdvel Tov TOTO PE TOV OO0 YENOWOTOLOUVTAL Ol TOLOTNTES, Ol EMEXTAUCELS XOL TO
Undoo oE BLopOpETIXG BT Xat dexaeTiES, TaEEYOVTAUS TANPOPORIES YIA TIC OTUNGTIXEG X0 OQUOVIXES ATOYATELS
otn povowt| clvieon. Emmiéov, ol minpogoplec yio ) pila pnopolv va aflomoindoldv yio 0 PEAETN TNg
appovixic pong péow twv xvioewy tng ellac oe nutovia. Kdde plla avtinpoownedetar and évav aptdud ue
Bdom tn Yéom tne ot ypwpatixnd xhpaxa (0-11). Metatpénovtac xdde pilo otny atovin| ne avamapdotaoy, ot
TANEOYOPRIEC OYETXE PE TNV ATOAUTY TOVIXOTNTA oY VOOUVTL, (OOTE Vo EOTIACOUUE GTO OYETIXO OPUOVIXS TANLOLO
xa oTig oyéoelc Yetald Twv pllov.
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Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

Xapaxtneiotixd IIAjpwyv Suyyopdiohv

Ity apuovixyy avéiuon Aegihoylou, xdlde cuyyopdio dltneelton oty TAYEN Hopph TNne, Ue Ty cdalpeon Ot
ol pntéc TANpoYopiee Yia To prdoo (avaotpogn) Tapaheintovton, Hdote va dodel Eupoon otny towhio Twy TOTKV
CUYYO0EBLOY X O)L OTIC ETAOYEC OYETIXA HE TIC QPWVEC. LUYXEVIPWVOVTOL GTATIOTIXG OTOLYEl0l OYETIXE UE
ToV aplid TV LOVABLXMY GUYY0EdLOY avd dexoetia xat eldog, wali ye to mo cuvndiopéves SUAdES xou TELEdES
oe Oha ta Tparyoldla. Ed AauBdveton enlong unddm n doun twv pepdy, hauBdvovtac umodn xo TiC TAeLddES
Tou ywellovton YeTaE) TwV oplwy TV uepwyv. Lo otatiotuxd otouyelo peta€d TV TUNUATWY, XATAYEEPOUUE
eNTa T TAEWdBES TV onolwy 1 TeAeutala cuyyopdla elvan enlong N TEWTN cuYYoEdid TOL ETMGUEVOL TUNUATOC,
EMTEETOVTOG T MEAETH TV HOTRwY PETAE) TWV TUNUATWY TOu Tpayoudlol.

H npocéyyion tou povtéhou Aavddvoucac amdoTaone EVOWUATMVEL AToviXéS avamnapaotdoels pllac yior xdde
ouYyopdia, TeoxeWwévou va anogeuydel 1 cUVBLACTIXY TOAUTAOXOTNTA TKV TAELAdWY xordig auidvetoar to n. H
povtehomoinor emxevipwinxe oe Thelddeg uixoug 4, 5 xou 6, ol omoleg ey dnoay and to chvoro dedopévwy. T'a
vou petwel 1 uepoAndla xotnyoploc, ol TAeLddeg emAE Iy and TeayoUudLo UETE TNV EELCOPEOTNCT TOU GUVOAOU
dedouévev oe oyéorn e to eldog xou TN dexaction. Kdlde miewddo avtiyetwniotnxe wg xo6ufog ypapruatog,
HE dxpec ToL oploTNXay PECW TWV TANCLECTERMY YELTOVWY OTO YWEO YApaxTneloTixdy. Tao ypagphuato Tou
Tpoéxuay amotérecay TIC €L06d0oUE Yia Ta povtéha Aavidvoucas anbdotaong, topdyovtac havidvovoes Héoelg
oe éva Olodldotato Yweo. Auth n dladxaocia teplypdpetal avahutixd otny evotnta 1.3.4.

1.3.3 Ilepiypaguxy) Avdiuor

Me Béon v e€aywyn YopoXTNEIo TIXOY TOU TERLYPAPNUE TOQIUTAVL, COE UTY TNV EVOTNTO TAPOUCLALOUUE Ta
anoteréopata e EZepeuvntinfic Avéhuone Aedopévev (EAA) Tou mpaypatonoiooaue 0to oOVONO SeBoPEVKV
Chordonomicon. H avdiuvor emxevipdveton 1660 GTO GTUTIXE OGO XL GTO BUVOULXE YUPOXTNELOTIXG. TWV
GUVOAWY DEDOUEVWY, TAPEYOVTAC TANEOPORIEC OYETIXA UE TIC DOUIXES LOLOTNTES XAk ToL oxOAOUTHAXE YaEaX TNELO-
T

Ot dopixéc 1BLOTNTEC TUPEYOLY TANEOPORIEC CYETIXA UE TNV 0PYAVMOY TWV TEUYOUDBLWY Xl TWV UEROY, Xxaddg
xaL T oppoVIXd AEEINOYLO, CUUTERLAUUPBOVOUEVOY TWV WIOTATWY TWY GUYYO0EDLDY, TV EMEXTACEWY XAl TNG
YXENONS LOVABIXWY LYY 0EdLWY. Emniéoy, tor axohoutiaxd yopoxTnoloTixd Xatoyedpouy Tnv oprovixt xivnon
X0l TIC OYECELS UETAED YELTOVIXOV OTOLYEIWY, CUUTERLAUBAUVOUEVLV TKV SLUCTNUATOY XIVACENY TwV ptldV Xou
TOV X0WVOY LoTiBwY TAEddwY. AuTéc oL aVOAUCELS EMIXEVTPMVOVTUL OTLC TAGELS, TIC OTUNOTIXES BLapopéc XaL
TIC XAToVOpES HETAED TV EBOY Xl TV SeXAETLOY, hauBdvovtag enione unddr Tov TeéTo pe Tov onolo autd
Tor wotifo odAdlouv Ylpw amd Ta dptar TwV TUNUdTKY. Anoteholyv 1 Bdon yio TRV Aavidvouca poviehomoinon
XalL TLG OLpOpETIXES TPOGEYYIOELS 6TA TEOBAAUNTA AVEXTNONS LOUCLXDY TANPOPORLOY TOU THpoLGLdlovTal OTiG
evétnreg 1.3.4 xau 1.4.

Aopixd XopaxtneltoTixd

Eexiviue pe plol EoXOTNCT TWY TOCOTIXMY YOLUXTNELO TIXMY TOU GUVOAOU BEBOUEVWY XaL TNG XFALPNC TwV
HETABESOUEVKY, oL Topouctdlovton oTo 1.1, TEOXEWEVOU VoL XATAVOTIGOUUE XUAVTERX TO EVEOC Xou TN CUVUEST)
tou. To abvolo dedopéverv mepiéyel ndve and 679.000 pouotxd xoUUdTIol TOU GUVORLXA £YOUY GYEDOY 52 EXUTOU-
poplat ouyyopdiec. To apuovind tou Ae&ihdyio amoteleiton amd 749 cuyyopdies xou 3.577 aveo TpopUEVES LOpQES
awteyv. Ilepimou 397.000 and to cuunepthaBovoueva xouudtior cuvodelovtal eniong amd TANpogopie oyeTixd
He TN dopxf Toug xatdtunon (nde ywelloviol o8 TUARNTA), IOV AVERYOVTUL OF TEPLOCOTEPX ond 2,6 exaTop-
poplor yepovwpéva tpfuate. Emmiéov, Aopfdvovtac unodn Tic npdo¥eTtec EMONUELICEC TV UETUBEBOUEVLV, 1|
oLVdeoT pe Ta dedopéva Tou Spotify elvon oe peydho Padud mAfeng, ye Swodéoido otoyelo yio To €ldog, TNV
Nuepounviar xUxhopoplag, To TEAYOUBL X0 TOV XOAALTEY VY] YLOL TNV TAELOVOTNTO TWV XOUUATLEV.
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1.3. X0voro Aedoyévwyv xar Avdluon

Table 1.1: Yuvontixd otatiotixd otolyelo Tou cuvdlou dedopévov [14].

MepLypoph HAdog
Aprduode twv Teoayoududv 679,807
Aptduode twv Buyyopdidv 51,994,634
Aptdude twv Movadixdy vy yopdldv 749
Aprduoe twv Movadindv AvesTpaévemy XUy yopdidy 3,577
Apriude twv Teayoudidyv pe Turuota 397,580
Apwduoée twv Parts 2,670,457
Aprdude twv Teayoududy ye Release Date 422,181
Apudude twv Teoayoudidyv pe Spotify Genres 429,753
Aptdude twv Teayoudidyv pe Main Genre 352,111
Apdude twv Teoayoudidv ue Spotify Track ID 440,284
Apriuode twv Tpayoudidv pe Spotify Artist ID 510,986

Metd and auth v emtoxdnnom, e€eTdOVUE TNV XATAVOUT TWV TEOYOUBLMY Xl TV XOANMTEY VOV OTIC dWdEX
xOpleg xatnyopleg pouoxdy edwv. To totoypdupata ou anetxovilouvy Tov apliud TwV HOVABIXDY TEAYOUBLOY,
TWV XAANTEYVOY Xat Ty avohoyia petadd toug mopouctdlovton oto Lyrua 1.3.1. H xotavour Twv tporyoudtv
avd Louoxd eldog elvol EUPAVAC YN LooppoTNUEVT, pe wouotxd eldn onwe 1 Ilon, 1 Pox, n Evailoctixd, n Kdvtel
xou 1 IHon-Pox va avtinpoownebouy cuvolixd TNy TAELOVOTNTA TWV TEOYOUBLOY TOU €Y0UV AVTLOTOLYLOTEL O
€val x0pLo pouoxo eldog. Opolwe, 1 xotavour Twv xahteyviy avd eidog elvar acluueten, ye ta (B eldn va
AVTITPOCWNTEVOLY TEPLoGHTEPA amd ToL BV TE(TA OAWY TOV LOVABIXOY XoANTEY VGV, Elvon onpoavtind vo onuetwiel
6Tl aUTES oL BVO xoTavopée dev elvon dueoa avdroyeg. H avahoylo tporyoudlady avd xahhitéyvn avtixatonteilel
OYETXN EXTPOCOTNGY TV XOANTEY VOV oe xdde eldoc 610 ahvolo Bedopévmv. o nopdderypa, ol xohhTEYVES
¢ Hon-Pox cuveispépouv xatd péco 6po oxeddv eixool tpayolda, eved ol xaAhtéyvee tne Kdavtpel xar tng
Pox cuvelo@épouv xatd uéoo dpo meplocdtepa amd déxa Tpayoldia avd xodhtéyvn. To nepiocdtepa dhha ldn
€youv xatd Yéoo 6po mepinou E&L Tparyoldla avd xahhTéYvn, pe T Par xan tnv Hiextpoviny| va napovaidlouv
oxOUN YUUNAOTERES TIUEC.
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Figure 1.3.1: Kotovour tpayoudlodv xot XahATEYVOY avd l80¢ xou H€oog aplduds Teayoudlidy ove XUAATEY VY.

INo va supmhnewdolv Ta Tapandve oTtatioTxd otolyela, To Lyfua 1.3.2 Belyvel TNV XoTOVOUY TV XOUUATILV
o TV XoAATEYVOY avd dexaetio. Kdle xatavour yweiletouw o 0o pépn Aoyw tne ducavdhoyne xatovounc
TWV TEAYOUDLOY ol TWV XUAMTEY VOV OTIC Tponyolueveg dexaetieg oe olyxplomn Ue Ti¢ mo mpdopauteg. H
HOTOVOUT|, TWV TEAYOUdLWY avd dexaetio €xel To mEWTO Yedgnuo va delyvel dexaeticg pe Ayotepa and 1.000
TEOYOUBLA, EVEY TO TEMTO YEAPNHUAL Lo TNV XATOVOUY) TV XOANTEY VOV avd dexaetia Selyvel exelveg Tic dexoetieg
ue Ayotepoug and 100 xohhtéyvee va i exmpoownoly. Ta deltepa ypagphuata delyvouv Tig dexaetiec mou
Eemepvolv autd Ta Opla.  Autdg o Sloywpelopds EMITEETEL TN cagr] onTxomolnoy Too TwY apo®dyY 6Co xou
TV TUXVOYV Teplddwy. Tao teplocdTepa Tpayoldla Xal XUAMTEYVES GTO 0UVORO BEBOUEVLY TTPOEpyOVTAL And TN
dexaetio tou 2010, axoloudolueva amd T dexaetio Tou 2000 xon Tou 2020, tou cuvohixd TepthauBdvouy TNV
TAELOVOTHTA TV eYYEapdv. Ot Aydtepo aviinpoowneudueves dexoeties efvon autée mply and tn dexaetio Tou
1950, ye Tic dexaetiec Tou 1910 xou tou 1900 va efvon oL o apaéc. Xe avtiveon pe T xotavopés oe eninedo
eldoug, oL xaTavoUES TEaYoLBLKOY avd BexaeTiar xon XOAMTEY VOV avd dexaetia elvon oe peydho Bodud avahoyuréc,
pe ) dexoetio Tou 2020 va anotehel e€alpean AOY® TOU UXEOTEROL IOy XOUUATIRY, Topd TOV UETELO aptduo
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Chapter 1. Extetapévn Ieplindn oto EXAnvixd

HOANTEY VOV TOU CUVEBAAALY.

Tpayoldia avé Aekaeria (Tpayoldia < 1000) TpayouSia avé Ackaetia (Tpayosdia = 1000)
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(a) Song Distribution by Decade.
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(b) Artist Distribution by Decade.

Figure 1.3.2: Katovouy, Tpayouddv xot xoAMTEY VOV ove dexoeTia.

Yuveyilovtag ™y avdiuon twv oyéoewv Yetafd Twv Teayoududy mou emhéyUnxoav and didpopo eldn xou
dexaetieg, oto Lyruo 1.3.3, ta tpayoldia mou €youv T600 €va xUpto £ldog 6o xon nuepounvia xuxhogoplag
YETOUWOTOLOUVTAL YLOL VOL TTOPOUGLAGOUY TNV XATavouT) xdVe eldoug avd dexoetio. J0OUQLVO Ue TNV XoTovour Tev
TEAYOUBLWY avd BexAETiol, 1) TAELOVOTNTA TwY Teayoudlny ot xdle eldog avixel otn dexaetio tou 2010, ye
dexaetio Tou 2000 vo axoroudel oe wxen andotaon oe eldn onwe N Kdavtel, n Tlal, to Métah, n Hon-Pox,
n évx, n Péyxe xou n Pox, eved éyel pixpdtepn exnpoctnnon ot undroina. Emmiéov, ta neploodtepa €ldm
€xouv uxpn exmpoodnnoy otic dexaeties ey and Tt dexoetia Tov 1990, e aloonueintes eEoupéoelc T idn
Kévtpt, TCal, Ilon-Pox, Péyxe xaw Pox, 6nou 1 exnpoodnnoyn nou éyel cuoowpeutel o autéc Tig dexaetiec
elvan ouyxplown pe to uTGhoLra.

Tpoywpmvtac and ta petadedopéva Yo OMOXANPES XaToywEROELS TEayoudidy, to yfua 1.3.4 moapouoidlet
XUTAVOUES UE BAoT SoUxd TUNUOTA, TOU TEOEEYOVTOL UNO XUTAYWENOELS TOU GUVOLOU BEBOUEVKY TIOU TEQLAA-
Bdvouv TAnpogopieg yio o pnpata. To mpdto dudypaupo delyvel TV xotavouy| Tou aptipod TV THNUATLY ovd
TEAYOUDL, TOU UOLALEL UE L0l XOVOVIXT| XUTAVOUT| UE HECO 6pO0 TO 7, UE TOV b TWV TEAYOUDLOY VoL UELWVETAL
exdetind xaddc auEdvovTol Tor TURUATO, xaL TEAXA Vo yiveTtal aoruavtog tépa and to 15 Tuiuota.

Y10 deltEPO XU TE(TO YRAPNUL Tapouctdleton 0 PEcOg apLludg TUNUATWY ot éval Tpayoldl oe ayéon pe To eldn
xou g dexaetiec. Ko ota 800 ypagphuata, ol neptocdtepol péoot Gpot xupaivovtal petald 6 xou 8 tunudtwmy
ot éva Tporyoldt, pe T Métah va €yel Aiyo udmidtepo Yéoo 6po xan tn Pom va €xel tov yauniotepo péoo 6po
HETOEY TV EBOY, eVe 0 Wécog 6poc Tne dexoetiog Tou 1890 Eemepvd o 8 TuAuoTa, axoloudoluevosg and
dexoetion Tou 1980 ye péoo dpo mepinouv 7 turuato avd TeoryoldL.

E&epeuvavtag éva eninedo Baditepa, to Uyrua 1.3.5 anewovilel tnv xotavoun Twv YEYEVOV TWV TUNUATWY
petenuéva ot aptipd ouyyopedidv. To yeyédn tunudtwy yeyahitepo and 50 eZoupédnxay Aoyw e auelntéog
CUYVOTNTAC TOUC. TO TEWTO OLAYEOUUA, 1) CUVOAXY XUTUVOUY) XOQUPMVETAL YUpw OTIC 8 ouyyopdieg ovd
TUAUA, EVE TOTUXES XOPUYPEC TapaTneolvTon ota ufxn 4, 6, 12 xou 16 xou uepixéc uixpdtepeg ota 20 xou 24. Elvon
onuoyTnd vo onpeldel 6Tl ToAAEC amd auTEC TIC ToTES xopLPES eupavilovton ot ToMhamhdoia Tou 4.

Ta yeyéldn twv TunudTwy o didgpopa eldn xan dexoetieg unopolv vo mapatnenlolv oto deltepo xan Teito
yedpnua. To yéoo péyedoc twv Tunudtwy xugoiveton uetadd 12 xan 14 xou yio o 800 ypophota. XTo yedpnua
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1.3. X0Ovoho Aedouévwv xan Avdhuon

Karavopn Eidwy ava Aekaetia
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Figure 1.3.3: Kotavour twv edmv avd dexaestio.

Karavopn Tunpémwy pe ETikéTa avé Tpayost
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Figure 1.3.4: Aptdudg tunudtewy ovd tporyoldlt cuvolnd, avd eldog xat avd dexaetio.
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Chapter 1. Extetopévn Iepihndn ota EAAnvid

TV eV, awTtd ToL eivan afloonueinTo elvon OTL To Yoo péyedog Twv TuNEdTwy e Par elvon udgmidtepo amd
TOL UTOAOLTIL, OXOUN) Xou oy 1) Blopopd elvon oeAntén, eved mponyouuévewe 1 Par magousiale to pixpdtepo péoo
6p0 GTOV oELIUS TWY TUNUETWY avd Teayoldt. AauBdvovtoag unddn TNy xatavour; Tou UeYEdoug TV TUNUATKY
avd dexaetio, 1 dexoetio tov 1900 anotehel e€aipeom, pe Yéoo 6po LPnidtepo and 16 cuyyopdieg avd TuHua,
ev® 1) dexaetion Tou 1950 €yel Tn wixpdTeEn Ty, Teplnou 11 cuyyopdieg avd Turuo.

Koo Mot T

(apIBGS OUYXOPBIY avé: Turila, EYIoTo 50) Mego MéyeBog Tunudruwy avé Teayous: avé Efog Méoo Meye6og Tunudruv avé Tpayoldi avd Ackaetia
300000 1

— — == —— 6
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MEoog ApIBUGS TUyXopBIV avé Tufiua

Méoog ApiBjos SuyxopBicuy avé Turfpa

-

Eitog

Figure 1.3.5: Méyedog tunudtwy cuvolixd, avd eidog xar avd dexaetio.

Yougpwva ye ta Tponyolueva dwrypduuata, To Lyfua 1.3.6 mapouctdlel eMTAEOV XATOVOUES OYETIXA UE TOUS
TOTOUC TUNUETWY X0 TO YEGO PNxog avd TUTO. 3TO TRMTO YRAPNUA, OTOU TUROUGIALETOL 1] XATAVOUT| TV TUTLV
TV TUNUATEY, elvar tpogavég 6Tl ol Ltpogéc xou Ta Pegpév uneptepoldy apriuntixd twv undionwy Timwy
TUNUATOY, VG TN Beltepn Véon xatohauPdvouy ol Eicaywyée, ou 'égueee xon o Katahnéelg, axoroudolueveg
and ta Opyoavixd, Ta Evdidueoa uéen xou ta Xého, ye Aydtepeg and 100.000 epgaviceg to xadéva. To deltepo
didrypaupor eppovilel to péoo uixog twv TeNpdtwy ovd tomo. O yéootr Gpot xupalvovton YeTall 6 xou 14
ouyyoedlY, Ue Ta Pepév xou tic Ltpogéc va €youy puéco épo mdvew amd 12 xou ti¢ Ewoaywyég va elvan tor o
oUvtopa pe Y€co bpo mepinou 6 cuyyopdicg avd eupdvion. Ot 800 xatavopés @aivetal va €xouv Toug TOToUg
TeNUdTwY oty Bla oelpd, pe e€aipeon i Eloaywyéc mou petonavidnxay otny teheutalo Véo.

Parts Occurrences

Mego MéyeBog Tunudrwy avé Tumo Enikérag

A S A A

&

2

Occurrences

MEog ApIBHOS SUYXOPBIGY

2
o

Turmog Tufparog

(a) Kotavous yeyeddv tunudrov (aprduoe (b) Méoo ufxoc tphuatoc avd TOmo eTxéTag.
ocuyyopdldv avd Tuua) [14].

Figure 1.3.6: 0yxplon oToTLOUXMY OTOYEIWY Yio T1 Sour| Ty xopddv: (o) xotavopr| peyédous Tunudtey xo
(B) péoo uhxoc avd tino TUAHATOS.

To enduevo Bripa oe autr TN avdhuoT eival Vo TpoYWENCOVKE 0TO ETUNEDO TWV GUYY0EOLOY. XTo yfua 1.3.7
TUEOVGIACETOL 1] XUTAVOUT) TOV HOVOBIXWY GUYY0ROLOY avd TeoryoUdl oe Oha Ta (0N xan Tig dexoetieg. Ye Oha
o gldn elvan adloonueiwto 1t  Tlal xou 1 Xdouk napoucidlouy toug LPNAGTECOUE UEGOUE HPOUE LOVOBLXWY
LY YO0EDLOY ot TUTLXAG AmOXALONG avd TEoryoUdt, EVE Tor utdAotna ywetlovtar ot 800 ouddes: auTd e YEooug
6pOUC GV TWV 6 LOVADLXWY CUYYOEDLOY XoL TUTILXY ATOXALOT) XOVTA GTa xopugala, dnAady n Métan, 1 Ilon, 1
ITon-Pox xaw ) Pox, xow avtd ye péooug 6poug xdte twv 6 HoVaBIXDY GUYY0EBLY Xak xen TUTLXY andxAlom,
oniadn n Evahhaxtuer, n Kdvtet, n Hiextpovien, n dvx, n Parn xow n Péyxe. Metagd twv dexaetidy, 1660
oL Uécol 6poL 6G0 xal 1 TUTLXT] ATOXALCT Vol XOVTA UETAED TOUS, UE x0opuY| xaTd TN dexoetio Tou 1920 xou
cuvohuxt yelwon mpog ) dexaction Tou 2020, ywelc Tohkéc alloonuelntee alhayéc. ‘Ocov agopd Tic dexaetieg
npwv and 1t dexoetio Tou 1920, napouctdlouvy wixpdTepeS TIWES, TOOO OTOUG HEGOUS OpOUC OGO Xl GTLC TUTIXEG
anoxAloelg, o8 UYXELOT UE TIC UTONOLTES.
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1.3. X0voro Aedoyévwyv xar Avdluon

Méoog ApiBpos Movadixiv SuyxopBiiv avd Tpayoud avd Eidos (+Tumkr Arhion) Mégog ApiBuos Movadixiov Suyxopdiiov avd Tpayoudi avd Aekaetia (+Tumiki ATiokhion)

TuyxopSiov

& T

& 1890s  1900s  1910s  1920s  1930s  1940s  1950s  1960s  1970s  1980s  1990s  2000s  2010s  2020s
Eidog Bekaeria

Mégog Apipos Movad

Figure 1.3.7: Méon yeror Hovadixwy cuyyoedldv avd eldog xan dexaetio.

Ieptoodtepec mAnpogopiee yia Tic ouyyopdies mogouaidlovtat oto Lyhua 1.3.8, 6mou oL o cuyvée ouyyopdiec
Topouctdlovtal pall Ye To T0c0GTd EPpEVionc Toug. Eivan npogavég dti autéc oL cuyyopdieg, amhéc otn wopen
TOUG, XUPLIPYOVUY GTO GUVORO TV SEGOUEVWY, Ywplc EMEXTACELS 1} AVUOTOOWES, YENOWOTOUDOVTOS TLE TILO XOLVES
Widtnree pellova (G, C, D, A, F, E) xou ehdooova (Amin, Emin, Bmin). Moal{, autéc ot 9 xopugaiec emhoyéc
anoteholV nep(mou ta Vo Teltal TN GUVOAMXTC XENoNS CLYXOEBLAOY.

Chords Distribution

G

Others

31.5%

2.8%
5.1%
5.2% Bmin

Emin

— E

F Amin

Figure 1.3.8: Katavouy| yefione ouyyopdodv [14].

21N ouVEYEL, 1) AVEAUCT) ETIXEVTROVETOL OTA CUCTATIXG OTOLYElD TV GUYYO0EOLY, dNAUDYH OTIC TOLOTNTES, TIC
EMEXTACELS XL TIC AVAOTEOPES. EEXLVMVTAS And TIC TOLOTNTES, 1) XATAVOUT| ToUG Tapovatdleton oto Xyfua 1.3.9.
To mdve pépog Tou oyHuaTog BelyVEL TNV XUTAVOUT] TV TOLOTHTWY oTd SLdpopa eidn xou dexaeticc. Elvan copéc
ot 1 mhetodnela anotereiton and peillovee ouyyopdies, pe Tic ehdocoves ouyyopdies va elvan o deltepog mo
onuavtixde TOnog notdtntac xo wall var armoteholy téve and to 90% oe dhec Tic xatnyoplec. H avoroyio twv
peilovwv xat eEAdocovey TOTwY ohhdlel ehapends HETAHEY TKV EWBNDY, EVE QalveTal OTL 0L ENIOCOVES GLYYopdlee
XUAUTTOUY TEQLOGOTEPO Y WO amd T1 dexaetio Tou 1920 éwe T dexaetio Tou 2020.

I vo Blepeuvniolv oL axpaieg xatao TdoeLs, oL xotavopés toug eugavifovtol 6To xdtw Yépog Tou MyNuaTtog
1.3.9. 'Onw¢ palveton o€ auTd Tor Slary pduata, oTo TEpIocdTERA £(0T) AUTES OL AVOUARES TOLOTNTEC deV LTepPatvouy
t0 5%, pe eapéoeic ta eldn Métah, IIdvx xaw Pox, 6mou xuptapyolv ol Auvouxéc ouyyopdiec. Ot Auvapixée
oLYY0pEdieg paiveTon Vo XUELOEYOVY GTO ULod TV EWBGY, EVED 6T0 GAN0 Uicd elte undpyouy teplocdtepes Avao-
Tohéq elte elvan {oeg. O AuEnuéveg xouw Mewwpéveg mowdtnreg epgavilovion oe achpavto Bodud extog and ta
eldn TCal xaw Xbouvk, émou ol Mewwpévee ouyyopdiec €youv ouyxplowes avaroyles ye tic Auvvopixée xat Tig
Avaoctohpévee ouyyopdiec. ‘Ocov agopd Tic xatavopéc xatd tig dexaetieg, ol Mewwuéveg ouyyopdieg galveton
vou elvon o dSnuogihelc mptv amd T dexaetion Tou 1960, ue tic Avvopixég xou T AVAoTOAUEVES VoL xUpLapy 00V
METS amd auTh TNV Tepiodo.

Y ouvéyela, e€etdloupe T EUPavioELS avaoTEOPMY 6To GUVolo Bedopévev. ‘Onwe topouctdletal 6To Tdve
uépog tou Xyfuotog 1.3.10, 1 xatovour Twv EMAOYOV avaoTEOPMOY Topduével oTadepr) oe OAa Tar eldn o Tig
dexaetiee, pe ta B, F# xou G va emhéyovTal ehdppidc TeplocdTepo we voTtee undoou. Oplouéves aoUVETELES
eugpaviovtan 0TI XaTavouéc xutd Tic dexaetieg mpty and T dexaetior Tou 1920, delyvovtag Ty TATeT xuplapy o
CUYXEXPWEVLV VOTWY OTO Undoo, 6nwe To E xoatd ) dexoetior Tou 1910, to B xotd ) dexoetior Tou 1890 xou
éva xevo xatd T dexaction Tou 1900.

19



Chapter 1.

Extetapévn Hepiindmn ota EXAnvixd

Karavoun Moidtnrag Zuyxopdiwv ava Eidog (%)

Katavopn Moiétnrag Zuyxopdiwv ava AskaeTia (%)
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Figure 1.3.9: Katoavour| (o) 6Awv twv tolothtwy xou (B) tev ondviev tootitey, avéd eldog xa dexaetio.

To xdtw pépoc tou Lyfuoatog 1.3.10 delyvel Ta T0G00Td YEeHoNG AVUCTEOPWY GTIC BLdpopes xatnyopleg. e
Oha To €l01), Tot TOGOGTA BeEV Blapépouy TOAD, ye Ta uPnAoTepa va elvon 1 TCal, n Pox xou 1 Xdouk ue nepimou
3.5%, evé T younhotepa 10000t avtioToryovy otny IIdvx xou tn Péyxe pe nepinou 1%. Katd tn Sidpxeia
TOV BEXAETUOV, elval TpoQavée OTL Uil ToTxY) xopUgwor epgaviletor yUpw otn dexaetior Tou 1970, petobuevn
ENAPEOC TEOG TOL TEAEUTALOL YPOVIA, EVE ToL TRONYOUHEVR T0000Td egpaviovton enlong younid, extoc and
dexaetia Tov 1910, 6mou extolebovion oto 14%, xou tic dexoetice tou 1920 xou 1930, Tou €youv mapduoles
eugpavioelc avaoTeop®y ue TN dexoetia Tou 1970.

Téhog, oL xotavopée Twv enextdoewy eggavilovtar oto Xyfua 1.3.11. Ko ota 800 diaypduyota propel vo
napatneniel 6T N mo cuvnhopévn enéxtoor elvon 1 Tpoc ¥y TNC Tne vOTaC oTr cUYYoEdid, UE ONUOVTIXY
Blapopd amd TNV Teootixn TS Ing, N onola xatahauBdvel T delteET BEom Yior TNY TAELOVOTNTA TWY XATNYORLWY,
eved gaivetar enfong ot n 137 elvon mo dnuoguifc emhoyn and v 11n. O mo aloonueiwtes napatneroelc
elvan 6L 1 TCal xon 1 L60UA @aiveTal Vo YpNoUoTololV Tig ETEXTACELS TEPLOGOTERO And Tal UTONOLTOL (DY), EVE
N Métah xou n IIdvx Tig yenowwonoody Myodtepo. AaufBdvovtog unddm Tig dexaeTlee, N XPNoT TWV ENEXTACEWY
QULVETAL VO XOPUPAOVETAL YOp® oTN dexaetion Tou 1920, ye yaunAdtepa TOCOGTA TELY A AUTH, oL VO UELOVETAL
oTadLoxd xodde TANCIALOVUE OTNY ETOYT LLOC.

AxolouvBaxd XopaxTtneloTixd

e auth T evoTNTA, ToEOUGCLECOUPE To GTATLOTIXG GTOLYELN TTOU TPOEXVPAY Ao TNV AVAAUCT) TTOU ETUXEVTEOUNXE
oTic Tomxég e€aptroelc otic axohoudiee ouyyopEdlwy, Tou onuaivel 6Tl yeNoluoTololvTOL BUADBES Xou TELABES
LY YO0EdLY, EVE TAELdES uPNAdTEENS TEENG, CUYXEXPIUEVA TETPEDES, TEVTAdES Xou eEGOEC YpNOoLOTOLoUVToL
oto 1.3.4.

Ilpwtov, oto Eyfue 1.3.12 moapoucidloupe v xotavou) TV XVACEWY TV plldV TwY VOTOV UETOHEY TwY
petofdoewy twv cuyyopdwy. Ko ota 800 Sorypduupate, o €vo Tou meplypdgel Ti¢ xwvhoelc oe dha ta eldn
xoL To 8eUTEPO oE OAeg Tig Bexaetieg, mapatnEolUE OTL UTEPYEL W TEOTIUNOY OTIC XIVACELS TWV 5 NULTOVLV,
axoAouBolUEVY and TIC AIVACELS TV 2 NULTOVWY, UE TNV TEWTN Vo elvol oyeddV BITAAOLY 68 TOCOCTO and TN
deltepn. Ouxvioeic 3 xan 4 nutdvia paivetan vo emhéyovton e&loou, eved oL undhoimes Bploxovtan oe yaunidtepa
enineda, ye tc xwvioelc 6 nutovior va elvon oL o omdvieg xou oyedov opeAntéec. Mia dhhn afloonuelwtn
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Figure 1.3.10: Katoavour (o) tev emhoydv avtiotpogiic xa (B) TV Tococtdy Unaping aviotpoghc, avd
eldoc xau dexactio.
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Chapter 1. Extetopévn Iepihndn ota EAAnvid

Topathenon elvat 6Tl 1 Tpotiunoy PeTaEd Tne xivnong mpoc o mdve N TEOS To XATEL OE NULTOVLAL PofvEToL Vol
elvan ehdyiotn oe Gheg Tic xotnyopies, pe T ueyohitepn Sapopd va elvon mepinouv 2% yio TV xivnon xotd 2
NULTéVLAL

Méon Karavopr Kivijoewy Pidag ava Eidog Méon Karavopn Kivijoewv Pidag ava Asxaeria
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Figure 1.3.12: Kuwroeic pllog petpnuéves oe nuitovia oo Sudpopa e(8m xon dexoetieq.

Ipoywpwvtag ye v axohoudax) avdiucr, curAEEaue Tig o cUYNHOUEVES BUABES XoL TELABES GUYYOEDLAY,
eotdlovtag o XOpUdTIol U €yXUpEC eTxéTeg TUNUdTwy. Ol 20 mo ocuvnhiopéves eugaviCovtar oto Xyrua
1.3.13, émou yia xdde mheddo napouctdlovion V0 OTHRES, 1) TEMOTN YE TIC To cUVITHOUEVES TAELABES GUVORLXAL
xat 7 deltepn pe Tic o cuvniiopéves oTic Yetofdoeic TunudTwy. Ol mhelddec Yetald Twv TUNUATWY €Y0UV
TNV TeEAeuTaia cUYYoEdla TOUC VO AVAXEL GTO EMOPEVO TUNUO TOU TPayoudlol, w¢ TEOTOS HETENONS TOU TS
oMh&let To mAoiolo peTafl Twv TUNUdTwy. Elvon epgoavéc xon atoug 800 TVOXES OTL 1 XATUVOUT] TWV XOPUPALLY
CUYVOTHTWY YAvel Tn Boun TN o€ SUYXELON UE T SUYVOTNTES oTa dpla TwV TUNudtwy. H mo xowr dudda C-G
petanveiton and v mewtn Yo oty Teltn, eV dhkeg duddec pTdvouy oTic Tpwteg Yéoelg, onwe 1 E-A nou
petonavelton amd v 131 oty 7n 9€on. Auth n ooy oTIC xaTavopés elval capde opath oTLS TELddes, dTou N
ety ¥éon (G-C-G) xotahopPdveton and v 11n (D-G-C) xatd tn petdBact oand thy xotdtaln cuvolxd oe
T TV 0plev Twy Tunudtwy. Eriong, n tponyoluevn tekeutaia Véom yivetar 4n, evd évo yeydho pépog twv
20 xopu@ainv TELBEY cuVolxd dev xatatdocetor ot 20 xopugaieg HETUED TWV 0plWV TWV TUNUATOV.

01 20 Kopugaieg AudBeg EUyXOpBIGY — EUVOAIKA évavTi MeTags TunpdTwy 01 20 Kopugaieg TpIGBeg ZUYXOPBIGY — EUVOAIKE évavTi MeTagl Tunpdrwv
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Figure 1.3.13: Kopugoio duddec (opiotepd) xou toiddec (de€id) o dhec Tic uetoPdoeis xan 0Tl ueToPdoeLs
GTNY OANXYT| TUNUATWY.

IMo var epeuviioouye mepantépw, ota Lyfuota 1.3.14 xow 1.3.15 nopoucidloupe tic 10 mo cuvnbiouéveg ouy-
Y0eBleC o BUABES HoU TLC XATAVOUES TWV 5 XOPLPXLKY ETOUEVLY GLYY0ESLOY ToL EMAEYONXAY o AUTH TNV
axorovdia téo0o evide xdde pépouc 600 xan xatd Tic petoPdoelc Twv TUNUdTwy. Ot xatovouée petald Twv
TUNUATLY TotoVeTolY TNV eV AdYw ouyyoedia 1} Budda we Ta Teheutaior oTolyelor EVOE TUAUUTOS xaL EAEYYOLY
Tola LY Yopedlo axohoLVEl, WE N TEWTY TOU EMOUEVOU TUHUATOC.

Troroy{lovtac tnv andotacn cuvohxfc dtoxdpoavone (AXA) 1.3.1, urnopolue vor BoUUe dTL oL XATUVOUES EVTOC
oL XOTA TIC UETOBACELS TOV TUNUATOV Jlopépouy Yo Tor dtypdupata xotd nepinou 52% (cuvolnd) xa 17%
(oTadopéva we TEog TN cuYVETHTA) Xt Yio TIC TELddES xatd mepinov 57% xo 23% avtiotouya. O timog g
an6oTaoNG LVOAXNAE BlaxOaveng HeTol BU0 XATAVOUDY QPaivETAUL THPOXATE:
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1.3. Xdvohro Aedopévev xou Avdluon

ASA(P,Q) = Z |P(z) — Q(z)] (1.3.1)

weX

omou P xou @ elvan xotavouée mdovdtnrac yio to (8io cbvoho yeyovétwv X, xau & avunpoownelel xdde midovd yeyovoce.

Kopugais § Emdicves Euyyopdiis yia G (Evios éva Merat Tunperu) Kopugaieg 5 ETopieves Tuyxopdics yia 'C' (EvTo évav Metagy Tunpdmwv) Kopugaizg 5 EMopieveg Zuyxopdicg yia ‘D' (EvTog évavri Metagy Tunpdmwy) Kopugaieg 5 EMopeves Tuyxopdiss via ‘A (EvTog évavri Metago Tunudnwv)
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Figure 1.3.14: Ou 10 xopugaiec ouyyopdieg xat midg aAAGLOUY OL XUTAVOUES TWY EMOUEVELV GUYYOEBLOY TOUG
%ot TN YeTdPoon o endUEVO PEPOC.

‘Ocov agopd tig duddeg, agloonueiwt nepintwon anotelel  cuyyopdia G, 1 onola €xel TOUE TO GUVVLIGUEVOUG
BLadoy0ue TNS EVTOC TWV UEEGDY, TN ouyyopdia D e nepinou 24% xau tn ouyyopdia C' vo oxolouvdel oe devtepn
Véom pe 22%, va avtodhdocouy Béoelg xou tn ouyyopdia C' vo xuplapyel pe 34% évavtt Tou 17% tne ouyyopdiog
D. Emuniéov, axolouddvtag tn cuyyopdla Amin and tnv eomTepixh xatovour|, UnopolUe vo SoVUe 4Tl oL
ouyyopdiec F xou G eivan ou xopugoiec vrodphiges pe mepinouv 20%, pe ) ouyyopdio C' vor xotahopfdver v
toltn Véon pe 17%. Auth n Suvapuxd) odhdler otor dpio TV TUNUdTLY, we ) ouyyoedia C va xotohopdver
my menTn Véon avtarldocovtag Pe TN ouyyopdio G, eved T0 T060GTé NS cuyyoedilag F mégTel xdtw and
19%. "Ahhec evdupépouces Tapatnefoels elval 4Tl GTIC TEPLOOOTEPES TEPITTMOELS, OTWE oL cLYYoEdiec D, A,
E xou B, 1 mo Snuo@\Ac ETAOYY EVIOC TV TUNUATWY EVIOYVETAUL OTAU 6Pl TWV TUNUATWY. XTI UTOAOLTES
TEQINTAOOELS, Ol xUPlopYEC EMAOYES ToROUEVOUY OL (Bleg, EVE 1) tepapylal XATAVOURE TV AYOTERO ETOPACTIXWY
emhoydy mowiihel. T mopddetypor, petd ) ouyyopdio F', n cuyyopedia C' mopopével 1 o xOWVY| ETAOYT, dAAS
7 ouyyopdioe G uetonvelton and T deltepn oty TéToETn O XOWY, Ydvovtag mepinou 16%, mapduola ye TIC
ouyyopdiec A xou D mov ydvouv mepinov 6% xau yivovton n tétaptn emhoyn, avtl yio ) dedtepn, YETd TiC
ouyyopdlec Bmin xoa Emin, avtiotoya. Aoufdvovtag unddn m ouyyopedia C, gaiveton 6Tt 1 xatavour ot
OpLoL TOV TUNUETWY UELWVEL T1) Blopopd LETAED TwV EUQavicEmY Twv ouyyopdidv F xaw G oto 5%, and 1o 20%
TOU Elyay GTNY xoTavouY 6To (Blo TUfua.

Suveyilovtag pe ta potiBa tetddwy mou gaivovtar oto Lyrfua 1.3.15, evronilouye peyolltepes dlaxuudvoels
HETOED TWV XATAVOUWY EVTOC ot oo dptar TV TuNudtey. O mo adloonueiwtee and autée eivar ol alhayég
petd v mpbdodo C-G, 6mou 1 mo Swdedouévn emhoyr) alhdlel and D xou C' pe 27% xon 24% avtiotoiya, otny
xatavoun evtde, oe C pe 34% xou D pe 13% oty xatavouq ota dptae. Me nopdpolo tpdno, oL mo epgaveic
ouyyopdiec petd tic npoddove G-C, D-G, F-C xo A-D adddlouv ané G, D, G v A oe F, C, F xu G,
au&dvovtog xatd 16%, 16%, 11% xo 16% avtictorya. Ou undloines tpuddec delyvouv uxer| daxbuavon ota
TOGOGTA TWV XxUplpYwV LTOPHPLLY GUYY0EBLLY, EVEK Ol GAAEC TPocUpUOLoVToL ACUAVTAL.
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Chapter 1. Extetapévn Ieplindn oto EXAnvixd
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Figure 1.3.15: Ot 10 xopugpoieg duddec ouYY0pdLMY xaL TS AAAGLOUY OL XUTAVOUES TWV ETOUEVLV GUYYOPOLOV
TOUC XuTd TN YeTdBaon ot ENOUEVO UEPOC.

1.3.4 Avdivomn péow Movtéhou Aavidvouocag AndcTacrg

Avtn n evémnta meptypdpel Ty mpoeneéepyacion TOU GUVOROL BEBOUEVWY X0l TG UEVOBOUC TIOU EQUPUOCTNXAY
yia T Snutovpyla yiog Sounc TUTOL YEAPHUUTOS omd N-grams, UE OXOTO T LOVIEAOTOINGN Tpayoudldv Yenol-
HOTOLOVTOC HoVTENA haviddvoucag andotaong oe oyéon ue To eldog xou T dexactio xuxhogoplag Touc. H Paouxr
0o etvon 6Tt umopolpe va oyedldoouue o pédodo Yo vo avamopao THooupe xdde teoryoldt oe €vay AaviddvovTto
YOP0 UECW TWV N-grams TOU XoL VO TEOCTAACOUUE Vo BoUME av auTh 1 avardpdotacy Bondd oe epyaoieg
TaEvounoNg, Onwe 1 Tavounon avd eidog xou dexoetio, pe To amoteréopata va epgaviovion oty evotnta 1.4.

EZicoppdénnon Luvolou Acdouevmv

T va Braopakiotel 1 wodtiun exnpoomdnnon xdde xatnyoplac, to TpdhTo Briwa Aoy o xadoplopoe xou 1 e€loop-
EOTNGOT TOL AXUTEPYUGTOU GUVOROL dedouevmy. Ou eyypoapéc mou dev mepielyay UETUBEDOPEVO GYETIXE YE TO
eldoc 1 tn dexaetio anopplednray, wall ye exelvec mou meptelyay un éyxupa cluBola cuyyopdudy. To undroira
dedoyuéva e€looppomtriinxay otr cuvEyEL avd xatnyopia, Slatnewvtac Tov (Blo aptiud Belyudtwy avd £yxuen
oudda. Ou opddeg pe Alya delypota, Aydtepa amd 200, anoxhelotnxay yia vo anogeuyvel 1 UTOEXTEOCKOTNGCT
0pLoUEVLY xatnyopldy. To telxd clvolo dedouévwy anoteAeito and 2.814 delyporto avd xatnyopla eldoug xou
1.748 Bdelypora avd xatnyopio dexaetiog. Xtn cuvéyeld, TEAYUATOTOMINXAY O TEWUATOTOMUEVES SlUCTHCELS EX-
nadeuomnc/ehéyyou yenouonotdvias 1o 80% tev derypdtov yio extoideuon xou 1o 20% yio ENeY Y0, TEOXEWEVOL
vau Stotnendel 1 xaTavour| TV XaTnyoptdy o oTlc 800 BlaoTdoELS.

EneZepyacio Luyyxopdiwy xat EEaywyh ITAeiddwy

Ipwv and v xwdwonoinon xdde cuyyopdiog, autés utofridnxay o npoeneéepyasia yia TV TuNoToinoy NG
avanopdotaohc Toug. Ou etiétes twv Sowxmv tunudtwy arnopplpinxay xou diatneidnxe uévo 1 pila xdde
cLYY0EBLOC, APALEOVTIC TIC TANEOPOPIEC CYETIXY UE TNV TOLOTNTA, TI EMEXTACELS XAl TO UNAOCO. XTN CUVEYELY,
e plla yetatpdmnxe oe Pio atovixy| T8EN TOVoL, YpNoonolVTaS axépotous aptiuole and 0 éwe 11 yio Ty
avanopdo oot xdde cuyyoediog, xatayedpoviag To dmdexa NULTOVIN oe wiot oxTdPBo. Ol aToVIXEC avamapao Td-
oeic Bondodv otn pelworn e ToAUTAOXOTNTOC oL TEOoXVTTEL antd TG TAEWEdES xodme augdveton To 1 (UhAxog
nhelddoc). Metd v anhonoinom xdde oxohoudios, culhéydnuay emxaluntéyeves TAeddeS Yot n = 4,5 xou 6,
HE EUQAOT) TNV XOTAYEOPT TOTUXWDY dpuovixey poTBwv. Ta xdide mheidda yeteridnxe n andiuty cuyvoTTA NG
oe OhaL ToL TparyoldLaL Xalk 1) OYETLXY CUYVOTNTA TN o€ xdle xatnyopla.
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1.3. X0voro Aedoyévwyv xar Avdluon

I'edpnua Katnyoptodv

ITpwv amé v xotaoxeur] Tou TAREOUS YEAPAUATOS TAELEBKY, SNULoVEYUNXE Eva UixPOTERO YRdPNU 6TV XdDe
OO AVTIMPOCHOTEVE Plal XATYOpiot XU Ol Gxpeg avTavaxiovoay Tig oxéoelg UeTagld Toug. O oxondg awtol
TOU YPAUPAUATOS HTAY 1) AUEST] apytXOoTolNoT TV AaviovoucshY TopoUETE®Y TOU TATIPOUE YRUPAULITOS TAELADWY,
avtl vl tuyola apywonoinon, xdlde mheldda Eexivd mo xovtd oty mo oyetixh) xatnyopla tng. O axuég
auto) Tou UxpdTEPOL YeaphuaTtog oplotnxay péow opoldtntac Soft Jaccard twv mpogih Twv mAelddwv Toug,
6mou o aprdunthc adpoilel Tic ENIYIOTEC TOCOCTIUES CUVELGPOPES TV XOVGDY TAELEOMY X0t O TOPOVOUITTAC
adpoilel T PEYLOTN CUVELGPOPA oE OAEC TIC TAELddES. AuTh 1 pétenom xotaypdpel TG0 TNV Tapovsia 66O Xl
N oyeTxn onpocio Twy xowvey potiwy ot diec tig xotnyopiec. Téhog, ou axpég xavovixonomjdnxay oe wa
otadepr) xAlpaxa, ye anotéieopa éva BeBopnuévo, un xateuduvouevo Yed@nua Tou xedLXoTolel TIC OPOLOTNTES
TWV XATHYOPLWV.

I'edpnua ITAc&dSwv

INo to yedgpnuo TAEddwY, xdde xOUBOC AVTITPOCWTEVEL UL LOVadLXT) TAELED xon oL axpéc dnuoupydnxay ue
Bdiom touc mAnoléotepoug yeltovee oe xdde xatnyoplac. Ilo cuyxexpéva, evioc xdde xatnyoplac, oL TAELddES
To€vouinxoy xoTd XOVOVIXOTONUEVT, TOGOCTIAO GUVELG(PORE Xal GUVOAXS optdus, xou L(ebdyn TAEEdwY ue
vertovxée Yéoeic (Slagopéc Véone < 25) cuvdédmav. Anuovpyiinxe éva Eexwplotéd GUVONO XUy TOU
ouVBEeL xdUE TAELADO UE TNV XATNYOPld TOU OVTITPOCKTEVEL TEPLGGATEPOD, BNULOVRYOVTAS EVA AANO GTOVULOUEVO,
U1 xoteEVIVVOUEVO Ypdgpnua ToL Yo ETITEEPEL 0pYOTERO GTOUE XOUBOUS XATNYORLY VoL TdEoUY T VEoT Toug GToV
hovddvovTal yweo UETUE) TV TAELEdWY.

Xpopatiopwds xar Avtictoiyion xouBwy

I va Bertiwdel 1 epunvevolpdnta, oe xdde xduBo TAeddoc anoddinxe Eva Ypwua xotnyoplac Tou avTloToLyEl
otV xotnyopla oty onola elye ) peyohltepn oyetixy cuvelopopd. AuTéc oL mAnpogopiec e€dyovtar omd
TIC OUVOEDELS UETAE) TWV TAEWAOWY XU TWV XOTNYORUDY TOU TERLYPAPOVTOL Tapamdve. Auth 1 ypwpotix)
XWOKOTOINOY TOPEYEL €Vay TEOTO OTTIXAG oVALY VORLONE TNG ouadoTolinong eviog tou Aavidvovtog Ymeou X
EMONUOVOTE TV TAELIBWY TOU CUVDEOVTOL OTEVA UE CUYXEXPUIEVES XATNYOp(ES.

Emuniéov, oe xdlde x6uPo mheddag anoddinxe plo u€tenomn aviiotolytong yio vo tocotixonowndel 1 xatovoun
g oe OAeg Ti¢ xatnyopieg. Yroloyiotxe éva uétpo Baciouévo otnv andxion Kullback-Leibler 1.3.3 ané tic
TOCOGTIUEC GUVELGPORES TN TAELIDAC, XATAYPAPOVTAS T} OYETIXY TNG EWBXOTNTO OE CUYXEXPUIEVES XATNYOpRlES.
Avtéc ol avtiotolyioelc emTeénouy oe VEd, dyvmoTta Tpayoldlo Vo cuVdETolY UE TO YRAQNUA TEMADWY, Vo
tonoetndolv atov Aaviddvovta yeo xo va epunvevdolv ye Bdon Ty ogotdTnTd Toug Ue TO LTdEY OV GUVOAO
dedopévey. O tinog tne pétpnong anoxiione Kullback-Leibler éyet w¢ e€rg:

C
Pe
DxL(P || Q) = pelog 7’ (1.3.2)
c=1 ¢

6ToU P, elvon TO TAUPATNEOVUEVO TOGOGTS WAS TAELIDAC OTNV XATNYOpElol € Xl ge ELVOL Lol XOTAVOUY] AVAPORJC.
STV EQUpUOYT UAC, YPNOYLOTOLODUE (L0l OROLOUORQT) XATAVOUH avVaPopdc ¢c = &, N omolo amhorolel Tov TUTO

o¢g:

c
KL-eunveuouévn(z) = ch log p. + log C. (1.3.3)

c=1

Avutog o Timog petpd 1600 GUYXEVTEWUEVY Elvol plar TAELEDA oE OAEC TG xaTnYopieg:
o Ot Tiéc xovtd 070 0 UTOBNAKVOLY OTL 1) TAELADA ElVoL OUOLOUOPPA XATAVEUNUEVT OE ONEC TIC XATNYOplES.

o Ouumhbtepec Téc UTOBNADVOLY GTL 1) ThELdD elvol TO GUYXEXELIEVY Yio x&VE xaTryopia, cuuBdihovtog
xuplwg ot €val UTOGUVOAO XATNYOELWY.
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Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

Xenotpomoldvtag auty ) petpr, aftohoyolue téon Thnpogopia cuvels@épel xdde mAewdda otov Aavidvovta
Y00 %ot 160 évtova 1) UTapE TNS o €val TpayoUdL ENNEEGLEL TOV TPOTO YE TOV OTO0 TEEMEL VoL XAUTHYOPLOTIOL-
noel.

Movztelonoinor ue Aavddvouoca AndcTocT

Agol npocdloplotnxay oL oyéoelc HeTadd XUTNYOoELDdY, UETOED TwY TAELAOWY oAAd xot ol oyéoelc ueTald Twv
TAELADWY UE TIS XATNYOPLOV, TO HOVTENO AaviIEvousus amdoTaCNC EXTUSEVTNHE WOTE VoL EVOWUATWVEL TOGO TLC
xotnyopleg 660 xan Ti¢ TAEWEBeS o €vay xowvo haviddvovta yweo. H diaduxaoctio exnaldevong diapdendnxe o
TEELC DLBOYKES PACELS YO TNV TOEAY WYY EPUNVEVCLUWY XAl CNUACLONOYIXE CTUAVTIXOY EVOWUATOoEWY. To
povtéla vhoroinxay oe Python xou exnawdeltnxay yenoipwonowdsvtag PyTorch ye tov ehtotonomnt) Adam.
H exnaidevon Sipxece 100 enoyéc pe 100 Brparo avd enoyy, yenotdonotwvrac pulusd wdinone 0,01 xou yeyédn
napTldwv 4.000 yio Ti¢ TAELEBES Xou TOV ApLld TWY XATNYORLOY YLoL Ta YeopruaTa xatnyoploy. Eivor onuavtind
vo onpeiwdel 6t oe xdde Bripa xdde enoync, To poviého exnaidevoe YoVo TIC VECELS TV ETAEYUEVWY TAELEDWY,
Tou xadoplotnxay and to péyedoc tne noptidac, petall Touc. H vlonoinon Basiletoa oto poviého havddvovoac
anbotacne mou elvar dadéowo oto github [15], to onoio yenowonotel wa TEOCUPUOCUEY EYNTIXH OTOAELL
log-likelihood, mou unohoyileton amd Tic anoctdoelc Leuydy otov Aavddvovta yoeo.

®dor 1: Exnaidevon touv I'papripatoc Katnyopiddrv

H npoytn @don emixevipmvetan uévo atoug xouBoug xatnyopldv. H exnaideuorn tou ypogphuatog xatnyoptdv
Tomovetnoe xde xouBo xotnyoplag oTov AavIdvovTa YKeo Mo XOVTE GTOUE XOUBOUS XATNYOEL)Y TOU HTAY TLO
oyetxol, 6nwe paivetoan oto Lyruo 1.3.16.

1.0 1

0.5

0.0 1 O

—0.5 1

@ O%

-1.01
-1.51
-2.04

—2.51 O

-2 -1 0 1 2 3
f

Figure 1.3.16: Eva nopddetypa xOUBnV XaTnyoploy UET TV TedTr ¢AcT eXTaideuong.

®dor 2: Exnaidevon touv I'pagruatog ITAeddwy

H debtepn @don oltonotel tig havidvouoeg VECEIS TwY XUTNYORIOY TOU LTOAOYIGTNXOY GTNY TRAOTN QAoN Yid
va apyonotioel Tic Aavidvouoee Yéoelc twv mheddwy. Kdde xduPoc apyxonoteitoan otn Yéon tou xoufou
xatnyoploc Ue ToV omolo cuVBEsTaL TEPLOGOTERPOD, VK TopdAANAa TpootideTon xou xdnotog wxpds YopuPBog. H
EXTIUBEVCT) TOU YROUPTLATOS TAELABWY EYEL WE AMOTEREOUA TLC TEAXES VEGELC TOUC GTOV AavddvovTa YWeo, OTwS
paiveton oto Lyfuo 1.3.17.
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Figure 1.3.17: "Eva nopddetypo x6ufov TAEdd0V PeTd T deltepT @dorn exnaidevong.

®don 3: Enavatonodétnor tov Katnyopiony

Agob oL mielddeg éyouv @tdoel otic BeAtioTonoiuéveg Véoel Toug oTov havidvovta xhpo, ot xouBol xatn-
yoplv enavatorodetolvtal pe Bdon Tig cuvbéoelc Toug pe autés. ‘Omnweg avagépdnxe mponyoupévne, xdie
TAELBo cUVDEETOL U plo LOVO XoTnYopld, YLl TOV YPWHUATIONS NG, ETUTEENOVTNS TOV UTOAOYLOUO TNE TehXAC
Véone xdde xatnyoploc we otodulopévo xévtpo Bdpouc TV cLVEESEUEVWY TAELABWY TNe, dnwe Qalvetal oTo
Eyhua 1.3.18.

P @)

Figure 1.3.18: "Evo nopddetypa x6uBov xatnyoptedy Uetd tny teitn @dorn exnaidevong.

To amotélecpa TV ToEUmdve QAcEWY elvol €vog Aavldvwy YOeog OTou oL TAELEBES Xl oL XAt yoplec xota-
hofBdvouy Bektio tonoinuéveg YEoelg, anoxaAlTTOVINS EQUNVEUCIUES YEWUETELXES OYECELS TTOU avTIXaTonTE(Couv
TIC OTUTIOTIXES O ONUOCLoNOYIXEG ouoyeTioelc Toug. Iapaxdtw, ota Lyhuato 1.3.19 xou 1.3.20, yuropoldy vo
napatnendolv ol Aavddvouoes V€oelc Twv TETEEdLY, TEVTAdwY ot e€ddwy, xadde xou ot havidvouoes Véoelc
TOV XATNYOELOV eldoug xa dexaetiog avtioTolya.

Ané Ta drarypduporta efvon Tpogoavée 6Tl oymuatilovion LoyUpdTERES, T 0pATEC GUGTASES XoddE TEOYWEAUE oo
Tig TeTEdde otig e€ddec. Ou muxvég meployéc mou Peloxovtol Mo x0VTd 6TO XEVIPO AVTLTEOCKTEVOLY TERITOU
70 90% tou cuvélou Twv onuelwy. Tty nepinTwon Twy eV, éyoune cuvohxd 11.117 yovadixéc tetpddec,
29.730 povaduxéc mevtddeg xan 45.462 yovadixée e€ddec. ‘Ooov agopd tig dexoetieg, yetpdue 7.490 povodixég
TeTPAdES, 16.436 povadixée nevtddes xou 21.289 povodixée eZddeq.
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Figure 1.3.19: Ou havddvouoec Féoeic tov TeTpddwy, Teviddny xo e&ddwy, and aplotepd tpog ta delld, ye
Bdom Tic cLVBESELC O SNULIOLEYRUNXAY OO TNV OUOLOTNTA TWYV EWBOV.
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Figure 1.3.20: Ou havddvovoee déoeic tov TeTpddwy, Teviddny xou e&ddwy, and aplotepd tpog ta dedid, pe
Bdon Tic cLVBETELC TOU BNULOLEY AUV O TNV OPOLOTNTA TKV DEXUETLOV.

Eotidlovtac ota dtorypdpuato Twv TeEVTEdwy xa e€80wv, 6mou umopolpe vo Staxpivouue xohOtepa TN Ot-
apopomoinon Twv xatnyopldy, mopatneolue opouéva potlBou. Ta mo ofloonuelwta elvar o eldn IIdvr xou
Mérah, Ta onola Bploxovtar xovtd xou 0TI V0 TEPUTOCELS, Ve To (Blo toylel xou Yo 0 TCal xan v Kdvtel.
Emnmiéov, n Pox xou 1 L6oul galveton va €youv TapOUoLeS TROTWHCELS TAELAdwWY, 6Twe ot 1 Péyxe xau ) Iot.
‘Ocov agopd Tic dexaeties, untopolue vo dolue xadapd 6TL oL dexaetiee Tou 1960 xou tou 1980 Beioxovton xovtd
xou 6Tt oL dexaetieg Tou 2000, Tou 2010 xon Tou 2020 etvon dimha 1 pla 6TV GAAN TOCO GTAL BLOY PAUUATA TEVTADWY
600 xan oo darypdupata e€adwy, eved N dexaetion Tou 1990 PBeloxetan oe xovtvr andotaoy. H dexoetio Tou
1970 qatveton var amopoxpdveTon amd Tic 800 OUADES TOU oY NUATIC TN Y.

1.4 Ilsipapota

Ye authv Vv evétnta topouctdaloupe o mewpduota Tou dteEyinoay v TnV aEloAGYNOT TOU TPOTELVOUEVOL
mhaotou poc. Ta mepdpota ywellovton oe 8o xlpiec xatnyoplec: Talivéunon xar medBredrn cuyyopdloY.
‘Okec ou vhonooelg éyvay oe Python, yenowonowbdvrag t Bi3hiotpa PyTorch yio tnv xataoxeur xon thny
exnaldevon tou povtéhou. o tn Bedtiotonoinoy, yenowonowoaye Tov ehtiotonont Adam, o onolog mapéyel
TpooapUocTixole Lol udinong xou anoteAeopatiny] oOYXALGT TOCO Yid TO AvVOBEOULXE LOVTEAL 6CO Xal
yior Tor povtéda Aaviddvoucos andotaonc. To poviého havddvoucog andoTaonG YeNOWOTOiNoE Widl apVNTIXN
ouvdptnomn andAiewog log-likelihood, énwe neprypdgpeton oto 1.3.4, eveh Tor avadpouixd wovtéla yenoulonoinooy
AMWAELYL Cross-entropy.

1.4.1 Toa&wounon avd Eidog xouw Aexactio

Ye autr] TV evotnTa, TEplYedpoupe xuplwe TN Slodixacia Yol TNV eXTABEUOY TWV AXOAOUDIXNWY HOVTENGY,
xodog 1 dladasia wovtelonolnong e Aavitdvouscoc andotaong yio Ty tpoeneepyacio xal TNy exnaidevon
neplypdgnxe otny evotnta 1.3.4. Xta oxolouthaxd wovtélo nepthauBavoute Tor avodpopnd LOVTENSL xou TNV
OPYLTEXTOVIXY] LOVTENOL XuTdoTaonc-YWeou Tou Mamba. Ou pédodol allohdynone meplypdpovTo xou Ylot TLg
000 OPYLTEXTOVIXES.
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Avanapdotaocn xou ITpoeneiepyacio AcsSopevmy

Do tor axohouvdoxd povtéra, ypnolpomotinxoy PETeo TapOUOoLa UE QUTE TOU YENOWLOTOLUNX Y Yid Ta LOVTEAX
hovddvovTog Ypou, UE o%OTmo TNV TEOETeEepYaoia TV axaTépyaoTeY BEBOUEVWY XOL TNV TEOETOWAGIH TOUG
yio exnofdevon. To chvoho dedouévwy unoffinxe oe otddio e€looppdmnong xan xadoplopol xou Yo Tig 500
xatnyopleg ta€ivounone, xou xdide cuyyopedia yetatpdnnxe ot axépoto apldud Tou aviiatolyoLoe aTny T4En Tdvou
e plCac 0-11. Xe avtideorn pe 0 diadasio Tou poviéhou haviddvoucos améoTacne, To GUVOAO SeBOPEVLV
dev ywelotnxe oe axoloudlec pRpouc n oARd ylor TNV exnaldeucn yenoulonolfunxay oldxinees axoroudieg
TEOYOUBLAY.

Apyrtextovixy Movtéhwy

E&etdotnuay téooepic TOTOL ax0AOUTAX DY 0pYLITEXTOVIXDV: Ta ATAd avadpopxd VEupmvixd dixtua , Tor dixTuat
OVAUBEOULXEY UOVABWY UE TUAES, Tar BixTua paxponpddeoung Beayunpddeoung uviung xou to poviého Mamba.
Kdle povtéro élofe we eloodo axoloudies axéponmv aptdudv cuyyopedidv (0-11), tic enelepydotnue péow evie
OTPWHATOS EVOOUATWONG VLol VoL BEel onuavTixée avanapaoTIoels xdde ouyoediog xol TUpHYAYE Uiot XATAVOUT
mdavéTnTac avd xatnyopla Uéow evoc TApwe cUVBEBEUEVOLU oTphuaTog EE600U Ue evepyonoinor softmax yo
xatnyoploxy tolivounon. To xOplo poviého amotehelton amd €va oTEMUA TV XVPLWV BLadoyIxdY LovEdmY
uToAOYLOUOU.

Exnaidcuon

Ta yovTéla exToUSELTNXAY YPNOYLOTIOLWVTAS TN CUVAETNOT| ATOAELNC Cross-entropy Xl oL UTEPTUPAUETOOL PU-
Yulotnray euneipd Yo BéATIoTH anddoor. H b6idotaon evonudtwong mou yenowwonoidnxe Hrov 4 o 1 xpuey
dldotaom Tou Yovtélou MTay 256, 1 exnaldevon diipxece éwe xan 100 emoyée, yenolhonoldvtag uéyetog naptidag
256, ye mpbdwpen oot xat Tpoypoppationd puduod wdinone Zexwvdvtag and 0,001 yio opoldtepn exnaideuot).
To povtého Mamba neplhouBdvouy oplopéveg emTAEOY UTERTORUUETEOVS. XEeNOLOTOoaUE didvuouo xotdo-
Taong Yeyévoug 32, uéyedog mupriva cUVEMENG 4 xau EMEXTACT TOU LoVTENOUL peyEédoug 2.

To clhvoho dedopévnv ywplotnre oe cOvola exnaideuone, emxdpwone xow ehéyyou (80/10/10). To clvolo
eMXUPWOTNE YENOWOTOAUNXE Yiol TNV TopoxoAolUNon TNg anddoone Tou UovTEAOU Xatd TN Odpxela TNg ex-
TalBeuong, UE TNV XATACTAGY, TOU LOVTEAOU TOU TETUYE TN YUUNAGTERN amOAELd ETXVPWONS Vo anoUnxedeTo
X0 v yenolgonoleltal apyotepa Yol TV aEloAdYNoN oTo 6UVOAO EAEYYOU.

A&loNoymon

Toco yio o povtéra Aavidvouoag andoTacne 660 xou Yiot To axoAoUToxXd HOVTEAX, 1) am6doacT T Taglvounong
a€loroyfinxe yenowonowwvtoc delxtn svotoylag xan avdiuvorn cbyyuone oto cUvolo eéyyou, evionilovtag
xowvég havdaouévee Tallvouoelc HETAED TWV XUTNYOPLOV.

It v a€loAb6YNoT TV HOVTEAWY TIOU YENCLLOTOLOVUY avaBEIOoY), XUTaYRAPNXE ENloNG 1) AMWAELL EAEYYOUL Ylot
var cuyxptdel 1 anédoon Twv Yovtéwy. Ta ta povtéha Aaviddvoucac andotaong, N neofienducvn xotnyopio
yio xdde tparyoldt npoéxude utoloyilovtag Tic anootdoelc oTov AavidvovTa xdpeo and Tic VEoElS TV XOUPwY
xatnyoploc mou npoéxuday xotd TN didpxeta Tne extaldeuone xou emAéyovtac to eEAdytoto. [ tic avadpoutxée
pedodoug, n mpoPredn npoéxude and Ty péylotn miavoTnTa TOU TAETYaYE TO oTEMUA softmax.

1.4.2 TIp6PBAedm Suyyopediwy

To npdPAnua npdBredme ouyyopdidy Baoiletar o cuuBohixés axohoudieg cuyyoEdLOY and To GhVoro Bedouévev
Chordonomicon. Ta nelpdyata oyedidotnxay Ue oxond va allohoyHoouv tov TpéTo Pe Tov onolo to péyedog
TOU GLVOAOUL exTAlBEVONG XL TO W0 NG oxxohoudiag ennpedlouv Ty anddoan tou povtérou. Kdde tpayolol
0T0 6UVOAO BESOUEVLV AVTITEOOMTEVETAL OTtd Lol 0XOAOL Yo GUYY0EBLY TOU GUVOBEVETAL OO ETIXETES DOUXV
TUNUdTLY, otay undpyouv tétoee onuewdoels ( <Verse 1>, <Chorus_2>). Ta tnv npoetoocio twv de-
dopévwy Yol TN LOVTENOTOIMGOT axOAOUTLAY, 1) aXATERYAOTY) HOp®T| TOUG énpene vo uoPBAndel oe npoeneepyaoia,
TPOXEWEVOL VoL TopoyJo0Y oL 800 BLAPOPETINES AVAUTUPAUC TACELS TOU YEPNOLLOTOLCUUE Yio TO TELPGUATOL.
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Avanapdotaocn xou ITpoeneiepyacio AcsSopevmy

To axotépyaoto clvolo dedopévmv @uktpdpetal yior var agotpedoly ol elhmeic 1 YopuBnddelc xataywehoels.
IpotiwRdnxay to Tporyoldia ue TOVAdYLOTOV peTadedoUEva Yio To ldog Y TN Sexaetio, Ve auTd Tou meptelyoy
Tepiepyous ouufBohiopolc cuyyopdidv (He evdellels avaotpophc ywelc va avapépouy 0 voTta Tou UTdoou «/ »)
anoppelednxay.

Kavovixonoinon xouw Kadapiowoc To mpidto Briua frav va UeTatpéPOUUE TG ETIETEC TWV PEPODY,
onwe <Verse 1>, <Chorus_ 2>, oe xavovixéc yoppéc Verse, Chorus, agpapdvtoc Tic ayxOAEC XL To opt-
Yuntxd emduorta. Autég ol etiéteg dlatnerinxay wévo Yoo T dnuiovpyia Sladoymy cuYoEBLMY ove TUAU
xon e€oupédnpay and to x0plo Ae&AGYLIO0 LY YOEBLWY.

Kataoxeun xaw Kwdixonoinon Asgihoyiou  Mta nelpduota Soxudoope 500 SLapope TIXES AVaTapao Td-
OELC TWV oLYY0pdOY, 1 ko avtwetwnilovtae xdie povadixy ouyyoedio ke évay 6po xat 1) AN anocuviéTovtac
™ ouyyopdio oe tplo uépn: Pila, Howdtnta + Enextdoeic xou Mndoo.

o Avarnapdotaocr e 1-6po: Kdde povadind ocduforo cuyyopdioc (m.x. Cmaj7, Am, G/B) avTietw-
nlotnxe wg atouxde Gpoc. AUTH 1 TEOGEYYLON XUTAYEAPEL TATPELC dpROVIXEC TANpogopiec ot plo povo
HOVABA, UE ATOTEAECUO Lot CUUTIOYT| VOTAEAo AT TN axoloudlag.

o Avarnapdotaot KE 3-6poug: Kdie cuyyopdia anocuvtédnxe oe tplor cuototind:
— PiZou: n tdn tou tévou g ouyyopdlac (t.x. C, D#, F#);

— ITowdtnta + Enextdoesig: o tinoc e ouyyopdioac xau ol tpdodetol tévol (t.y. maj7, min,
sus4, add13);

— Mnrdoo: 1 véta tou pndoov dtav xadopileta (.., 1o E 610 C/E), A N yio xapio.

Kdde cuotatxnd xwdixomofinxe g évog oxépalog vy veploTixos xmdxos xou ol avtiotolyloels uetagd
TWY OVOLYVORLOTIXODY XWOXDY TWV CUCTATIXOY X0 TWY TAHRMY AVOYVWOELETIXWY XOOIX)Y TWVY GUYY0edLWMY
arnodnxedtnxay Yo anoxwdixonoino.

Kataoxeur, Xuvohwv Acdouévewyv Metd 10 QIATRAoIoUN TV Teayoudloy ywpelc uetadedouéva,
OnutoveyOnxay dladoyixd tela cUVoha BEBOUEVLV:

o PiltpaplopEvo chvolo dedopevwv: Tlepiéyel dha ta Tparyoldia ue ToURdyioToY éva Tedio ueTode-
dopévwv (eldoc B dexcetior), pe Tic dopxéc etixétec va éxouv agoupedel. Katdhinho yioa alohdynon
ONOXAPWY TEAYOUBLAV.

e 3UVOAo BeBOoUEVLV UE ETIXETES TEAYOULDLOV: TNooUVOAO TOU QLATEOQCICUEVOU GUVOAOU Be-
BouEvewy ToU TEPLEYEL HOVO TEayoUdLo Ue BOUXES ETIXETEC. LN CUVEYELX, To TEOYOUdLo UE ETIXETEC
YENOWOTOOLYTHL Yial T1) dNuLovpyid TOU TUNUATOTONUEVOU GUVOAOL BEBOUEVLV Kol JEYOTERA DLUTNHEOVYTAL
xwelc etéteg yia aloldynon.

o Tunuatonmoinuévo cOvolo dsdopevwy: Kdlde xataydpeion aviiotolyel o éva UEPOVWUEVO TUTF
HOTOTOMNUEVD Tuhua Tou eEdyeTan amd To oUVONO JEBOUEVLV PE ETIXETES TRayoUdIOY (.. Wit GTpOYY
) éva pe@EéY). O eTIXETEC ot Ol OYETXEC Dladoyéc cLYYoEdLOY dlatnpolvTon Yiot LovIeEhoToinon xou
a€loAdyNoT oE EMNESO TUARATOC.

‘Olot Tt HOVTEAD EXTIAUBEVTNHAY GTO TUNHATOTONUEVO GUVOAO BeBOUEVWY, EVE 1) a&loAdYNoT TparyaTotoljinxe
GTO PIATEOELOUEVO GOVOAD BEBOUEVKV, GTO GUVOAO BEBOUEVOV UE ETIXETES TREOYOUBLMY X0l OTO TUNUUTOTOLNUEVO
GUVOXO BEBOUEVKV PETA TO QUATEAQLOUO TV TEOYOUDLOY TTOU ElY oY TOUAIYLOTOVY EVa H€POC IOV UVAXE GTO GUVOAO
dedouévnv exnafdeuong X emxdpworng.

Apyitextovixy Movtéhwv

I tar tpoPAfiato e€eTdo TNXAY TECOERPLS OPYLTEXTOVIXES: TOL O VOBROMLXE VEVEWVIXE, BiXTUN, OL VOBEOUIXES
povadeg pe moAeg, tar dixtua paxpds xan Peoyelac uvAune xaw to Mamba. To povtéha houBdvouv axohroudieg
elte xwdomomuévmv cuyyopdidv (1-6poc) elte xWdMOTOMUEVLY GUCTATIXGOY CUYY0EBLLY (3-6pot) xaL xeNnot-
HOTIOOUY Vel ETUTEDD EVOWUATMONG YId VoL BNULOUEYNOOLY CNUAVTIXES EVOWUATOOoE Tou Yo uofAndoly oe
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eneepyaoio and v xOpta povada. H é€odoc tne povddac cLAAEYeTaL 0T CUVEYEL and TAAPWS CUVDEDEUEVL
oTEOUUTA, UE Wla xeQakn avd ouyyopdla B 3 xepadée, ula avd cuoTtatied cuyyopdiog. o Ty avamapdoTaon
3-6poug, Ol XEPUAEC TV GUOTATIXWY GLYOLALOVTOL GTY CUVEYELXL YL VO TIEoodloploTel Tola cuyyopdla and To
YV0o 16 Ae&ihoylo Touptdlel xohitepa. H mpocéyyion moAamA®dy xeQoADY eLTEénel oTo Wovtého vao oflonolel
TOUTOY POV TNV ETOTTE(N OE ETUMEDO GUOTATIXWY XAl TATPOUS cUYYoEdlac.

Exnaidcuon

To povTéA EXTUBEVTNHAY YENOWOTOWVTAG ATWAELO Cross-entropy, Ue Tn CUVORXY OTWOAELL TNG TEOCEYYIONG
3-6pwv Vo elval To GPOLOUA TV AMWAEIDY TWV CUCTUTIXWY Xol TWV TAN®Y cuyYoedldv. Ot uneptopouéteol
Aty ot e€Xc: xpuet didotaon 256, éva x0pto eninedo povddag, péyedog moptidag 4096, pudude udinone 0,005,
péytoto 200 emoyéc xou SldoTaoy evowudtwone 128 yia tig ouyyopdleg xou 16 yia xdde cuvioTthoa.

It Behtiowon e anddoong xaw tne yevixevong, yenotwomnoijinxay npdodetol unyaviouol. Xenowwonotinxe
TEOWET BlaXOTY OE GUVBVLAOUS UE TROYEUUUATIONS pLlUod uddnong yio TNV anoQuyy| UTEPTEOCUPUOY TS, EVE
gt otpwyatonomnuévn dSadpeor e€acpdhioe Tl Tot cOVOAX ETXVPKONG Xou EAEYYOU NS exntoddevong dev elyov
ETMUXAAVTTOUEVA TEOYOUDLA ot SLaTienoay Tig Xatavoués eTixetwy. Eniong, xatd tn Sidpxeior OAWY TwV QAoewy,
yioe TV avénom tne aviextixdtnag oe axohoudlec uetaBAnTol pnxoug, ol axoloudicg xoBovtay Tuyaio xatd ™
delypatolndla, e€acpaiilovtoc tapdhhnha 6TL 1 GTOXELOUEVY) GUY Y 0pEdla TPo¢ TEOPBAedT axohoutoloe TOLALYLO-
Tov 4 cuyyopdiec.

AZloroyTom

Kou yia to 800 mewpdparta, 1 péon axplBewa xon n péorn andiewa ypnowwonojdnxay yio tn uétenon tng omddoong
oe nolManhéc exteréoelg. Io va eunioutiotel 1 a€loddynor, tpaypotonotinxe avdAucT cUYy UoNG OYETXE UE
TIC AOVPPWVIES, TpoXEWEVoL va Yeteniel 1 enldpact] Toug oTny anddocT Tou HOVTEAOU.

1.4.3 Amnoteléopata

Ye auth TNV evOTNTA THPOUCIAOUUE To ATOTEAECUATA TwV TEWpdTwY woc. To mpodto pépog emxevtpdveTtal
070 TEOBANU TNE TaELVOUNCTNS, EVE TO BEUTERPO PEpOg aoyohelton Ue To MPOBANUA TS TEOBAEYNC CUYYOEBLAOV.

Toagwvounor avd Eidog xow Asxoestio

O mivoxac 1.2 delyver v oxp{Belar xouw TNV ANOAELR TWV EXTUBEUUEVLV HOVTEAWY THOO Yo TIC epyaoies Tal-
woéunorng eidoug 600 xou dexaetiog. Ta amoteréoyata umopolv va ouadomoindolv oe do xatnyopleg. Ltny
TEMOTN OUdda, To YoviElo Aavidvoucac andoTaong Xol TO AMAG AvVOBEOUIXG VEURKVIXO BIXTUO ETLTUYYAVOLY
TUEOUOLOL ATOTEAECUOTA, EEMEQVAOVTOC EAGYLoTA TNV Tuyaio euxacio mou elvan 0,125 yia Tic 0%t dexoetie xau
0,08 Yo Tar 8cddexa €ldn. H dedtepn oudda, mou tepthopfdver Ty avadpoplxt] povada pe TOAeC, To dixTuo Uaxpedc-
Beayeloc uvAung xou Tig apyttextovixés Mamba, emtuyydvel onuavTind xaAOTERY, an6dooT), oYEd0Y BITAACLY-
Covtag v axpifeta Tou povtéhov Aavddvouoas andotaone oto npdPAnua tadvéunong eldoug xou Bektdvovtag
v axplfBelo Tagvéunone dexaetiog xatd mepinov 10%. AZilel va onueiwdel 6t 1 avadpouixr) uovdda pe moeg
TPOLGLALEL YOUNAOTEPES TWES AMWOAELAS OO Tol SN LOVTEND, axOUT| Xalk oty Bev efval To LOVTERO UE TNV XOAUTERT,
anédoor 6cov apopd TNV axpifeia oto melpopa dexaetiog.

Io va e€etdooupe Tepontépn TV anddoon Tou poviehou, mopouctdlouvpe ydptee epudtnroc abyyuons oto
Yy 1.4.1. Ou ydpteg Yeppdnrag dnpovpydnxay cuvdudlovtag tig avavtiotolylec aflohdynone and oAa
ToL HOVTENR UE TOV cuvduaopévo mivaxa Tou delyvel cupgpuvia dve tou 90% pe tov mivaxa obyyuone xdide
HELOVOUEVOU LOVTEROU.

Ytov ydptn Yepudtnroc Twyv ey, optopéva Lebym eiddy tapouatdlouy pueyahbtepn opotdtnta and dhie. H TCol
ouyyéetan ouyvotepa e TNy Kdvtpl, eved napouoidlel enlong mohhaniéc ouyyloelg ye tn céovk. Emmiéov, n
ITovx ouyva ouyyéetan ye T Métak. Buvolixd, Ta TEPLOCHTER CHIMNIAT TWY HOVTEAWY APOROUY TNV ECPUNUEVT
Tagvounon dAhwv eddy e ty Kdévrel.

Ytov ydptrn YepudtnTag Twv dexoeTiwy, 1 dexoetia tou 1960 mogoucidlel peydhn ouyoldtnTa pe TN Sexoetio
Tou 1950, pe t dexaetion Tou 1950 va elvan 1 mo cuvndiopévn ecpaluévn tagivounorn. Mo dhhn wxer| oudda
nopotneeitor ueTaEl twv dexaetiddyv 2000, 2010 xou 2020.
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Chapter 1. Extetapévn Ieplindn oto EXAnvixd

Table 1.2: Axp{Beio xon ancdrela yio xdde poviého ogoadomoinuéva avd xatnyopia.

Katnyopia Moviého AxpiBeiar AnmAisia

LDM 0.0917 -
RNN 0.1190 2.4610
EiSoc LSTM 0.1670 2.3915
GRU 0.1889 2.3608
Mamba 0.1753* 2.3905*
LDM 0.1326 -
RNN 0.1344 2.0814
Acexaetio LSTM 0.2259 1.9623*
GRU 0.2252%* 1.9557
Mamba 0.2223 1.9831

To xahOtepa anoteAéopota elvar 6 EvTovn YEopR, T deltepo xahlTtepa elvar onuetwpéva pe *.

XapTnG OeppsThTac Aavbaopévn TaEwopnong - £(6n o X4pTNG Bepu6TNTAG AavBaopévng TaEWoUNONG - BeKTETiE o

altemative
19505- 000 024 013 017 008 on 010 012

022
08 19605
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Figure 1.4.1: Xdptec Yeppdtntoc tne olyyuone yio To TedfAnue tne taivounone avd eldoc (aplotepd) xou To
TedBAMua Tagivéunong avéd Sexaetio (Seid).

ITe6BAed Suyyopdicdv

Ta mewpdpato tpdPBredne ouyyoedidv aroteholvtar and dVo xUptec avahboels. Ilpdtov, epeuviiooue O TO
péyedog Tou cuVOAoU dedouévwy exnoideuong enneedlel TNV AndBOCY TOU HOVTEAOU, OTWE QoIVETOL OTO Ly U
1.4.2. H anddoorn Perumdveton Spopatind xadde to péyedoc tou delyyatoc auidveton and uepxés yLMddeg
eyypagéc (cuyxexpwéva 5.000) oe 200.000, pe pbévo wxpéc Behtdoeis tépay autol éwe 1.000.000 deiypota. To
ATAG atvaBEopLXd VELPWVLXA BixTud Ex0oUY aTadepd YeledTERY amdBoOT amd Ta GAAN LOVTEAA, EVE) 1) AVATURACTAOT
3-6pwv €yel ehapds xahiTepy ambédoon and TNy avomapdotacy 1 token.

O rnivaxag 1.3 ouvodiler to péoo anoteréopata and TOMATAES EXTEAECELC YPNOLHOTOWOVTOS TO Péyedog delyuo-
T0¢ PE TNV xoAUTERT anddoon (1.000.000 detypata). ‘Otav Soxpdotnxe ye ohdxinpes axohoudies tpayoududv
TIOL €Y0UV ETIXETES UEPWY, 1) oxp(Beta wewwveTtan xan 1) amwieio auEdveton. H anddoon peidhveton nepontépn dtav
doxwdleton oe cUvoha dedouévwy Tou dev €youv etxéteg dounc. H avanapdotaon ye 3-6poug yevind uneptepel
NE AVAmAPdo Ao 1-6p0v, eXTOC and To amhd avadpouixd vevpwvixd wovtéla. ‘Ocov agopd tnv axplfBeia, to
povtého paxedc-Boayelag UvAung emTuyydvel To XOADTEQO AMOTEAECUATA, EVE To BIXTUA OVIDEOUXDY HOVADWLY
pe TOAeS TopoLGLAloUY EAAPEMS XAAVTERY ATOBOOY, TNV ATMAELY, Tapd TN UixeT| dlapopd otny axp(Beta.

32



1.4. Iewdporo

Méon AkpiBeia wg TTpog To MéyeBog Aeiypartog Méon Amiiheia wg TIpog To MéyeBog Aciyuatog
Movrého + AvarrapdoTaon Movrého + Avamapaotaon

S et e e e— %
e —— model 35 ]
£ L — GRU — GRU

— * LSTM LSTM

06 G
& — RNN — RNN
‘ ¥ representation representation

—e— 1_token 30 —e— 1_token

05 3 —x— 3 _tokens —x— 3 tokens

g
Méon Amiheia

00 02 04 06 08 10 00 02 04 06 08 10
Méyegog Aciypatog 1e6 Méyegog Aciyparog

Yopevtinr; Axpifela Yweeutnf) Andielo

Figure 1.4.2: Yowpeutinn Axpifeio xou Anodieta yio to Tunuotonoinuévo olvoho dedouévmy.

Table 1.3: Méon axpifeta xan amdAela avd HOVTEAO Xal OVOTApdoTaon 6 OAa To. GUVOAA DEBOUEVWLV.

Segmented Labeled Filtered
Movtého Avanapdotacoy | Méon Ax. Meéon An. | Méon Ax. Meéon An. | Méon Ax. Meéon Arn.
RNN 1-token 0.5859 1.63698 0.5632 1.6081 0.5448 1.6655
3-tokens 0.5715 1.6370 0.5481 1.6504 0.5281 1.6972
LSTM 1-token 0.6594 1.3221 0.6244 1.3319 0.6007 1.4037
3-tokens 0.6748 1.2919 0.6394 1.3079* 0.6121 1.3818*
GRU 1-token 0.6399 1.4046 0.6017 1.3832 0.5791 1.4479
3-tokens 0.6618* 1.3060* 0.6311* 1.2961 0.6055* 1.3782
Mamba 1-token 0.5995 1.5165 - - - -
3-tokens 0.6501 1.4054 - - - -

To xahOtepa amotehéopota elval 6 EVTovn YEoPR, To deltepo xahltepa elvar onuetwpéva pe *.

To oyfua 1.4.3 ancixovilel Tov teéT0 e TOV omolo To uinog e axohoudiag elo6dou ennpedlel Ty anddoaon
e meoPBRedne yenoonowdvtos T Yo owpeutixy oxplBela xou amwiet. H péon adpoiotinh axpifeto xon
anhieta avuxotonteillouy tov Tpdno Ye Tov omolo To YovTELD enwpelelton and TN SodectudTNTA TEPLOGOTEPWY
oLuYY0EdLOY TELY amd TNV mpayuatonolnoy woc tedPfiedne. H aflohdynon oe autéd to melpapa Sielrydn oto
Tunuatononuévo chvolro dedouévmv. IIohl clvtopeg axolouvdieg, dnwg auTEC Unxoug 4, ToEEyouV avemdpXT
oLUPEalOUEVa, OBNYWVTAS OE YUUNAOTEEN oxpifeLa, EVE oL uétpia LoxpUTERES axohoUB{EC TIOREYOUY GTO HOVTENOD
ThouaLoTERA GUUPEALOUEV Xol TNEAVTIXE XohUTERES TIEOPBAEYEL. To amAd avadpopnd vevpevixd dixtua telvouy
vo urtoPoduilovtan mépav Ty oaxohouhoy uixoug mepitou 7 cuyyoediv, eved dhha wovtéha cuvey(louv va
BehtidvovTar xou va otadepomolobvtan mepinouv ot 156 ouyyopdiec. Metd and autd to onuelo, 1 mpootixn
TEQLOGOTERWY CUYYO0EOOY EYEL xpT| ETBpACT TNV anddooT).

Ketevout Miwo

Yowpevtinr) Axpifela Ywpeutxr] AndAeLo Kotavopr Mfixoug Axohoudicdy
(Tunuatomomuévo) (Tunuotonowmuévo) (Tunuatonomuévo)

Figure 1.4.3: Ywpeutixh AxpBeta, Mwpeutin Andlewa xou Kotavour Mixoug Axoloudidyv yio to
Tunuatononuévo cOVoLo BeBOUEVWLV.
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Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

Elvou enlong mpogavég 6ti 1 avanapdotacy 3-6pwy unERTEpEl TNE avanapdotacns 1-6pou 1660 oTa diXTUd haXeds
xan Beayelog PVARNG 600 XL 0TI AVABEOUIXES LOVADES Pe TOAES, EVE T omAd ovadpouind VEupwvixd dixtua
oL emdboelc elvar avtiotpopes. To tekeutaio Bidypoppa delyvel TNy xatovour Tou UAXOUSC TV oxoAoUThY
ehéyyov, 1 onola evduypoppileton oTevd Ye TNV xaTavour| HEYEVOUC TWV TUNUATWY TOU QolveETal 6TO Xy ru
1.3.5.

Yo Xyfuota 1.4.4 xou 1.4.5, 1 avanopdotaot 3-6pwv UTERTEREL Xou TAAL TN avamapdotaone 1-6pou yia Tor dlxtua
moedic o Peoryelag WvHUNG xon Tig ETUVOAUBAVOUEVES LOVEDES HE TOAY, eV 1) avTiDeTrn Tdom TapatneelTal Yo To
anhd avadpouxd dixtua. O a€loloyioelc tou ametxovilovton ota oyRuata Sielrydncay oto cOvolo dedopévwv
ME ETIXETEC XL OTO PUATEUPLOUEVO GUVORO BEBOUEVLY, avTioTolya. e GUYXQLON UE TO TUNUATOTOUEVO GOVORO
OeBOUEVLV, Ol XATAVOPES DELYpdTwY o auTéC T alohoynoelc elval mo tooppomnuéves. H oxplBelar polveton
VoL ELOVETAL XS Tal povTéha hauPdvouy yeyoahitepeg axohoudie ouyyopdldv we elocodo, eved and TNV AN
TAELPA 1) ATOAEL YEVIXS UELOVETOL UE ETUTAEOV CUYYOEDIES, UE ToL AVABPOUIXS VELPWVIXA BIXTUN VO ATOTEAOUV
ot AL TNy xUpta e€ailpean. Luvohxd, to povtéha golvetar vo yivovton mo afldmiota, ahAd Oyt amopolTnTo o

oxp3n.

Kaxavopt Wiy fohau0uiy v Aot Ve Exnérec)

Suptunict AcpiBea we oo Yo Mo Archoudias e Etréres) g0 0 o Axcdouti (e

Kotavoph Mfixoug Axohoudicdy

Yowpevtind; Axpifeia (Me Etixétec) Xwpeutinfy Andieta (Me Etinérec) (Me Eriérec)

Figure 1.4.4: Ywpeuti] AxpBeta, Xwpeutind Andiewor xou Kotavour; Mrxoug Axohouduidv yia to obvolo
dedopévev Me Etiérec.

Bupvtuch Ancheia g npos o Mikos Axohoudias (oW tpapoticl Ketavopt Wopoy Axohoudy avd oty (DOpesioptiol

Yowpevtint) Axpifela Yweeutixr] Andiewa Koravour Mxoug Axoloudioy
(PuhtpopLouévo) (PuhTpoplouévo) (Durtpaplouévo)

Figure 1.4.5: Yopeutinh Axpifeia, Lopeutind Andieta xow Katovour MAxoug Axohouhdyv yia to
Duhtpoplogévo GOVoLO BEBOUEVWLV.

INo xohOtepn ®aTavonon ng anddoone Tou woviéhou, xotayeddoue to mo cuvhouéva, to o emlRuio xou To
o oNuavTxd A&dn og Gho Tor LovTENR xoTd T dldpxela TN o&loAdYToMG.

O Iivaxag 1.4 mopadétel ta mo cuvndioyéve A&dn npdBiedmne. ITodld Lebyn ouyyopdidy eugavilovtal xou oTig
800 xateudivoelc (A—B xa B—A). H «péon npbodetn andheioy avapépetar otn péor alinon e ommdAeLds
otav uio ouyyopdia mpoBiémeton Aavidaouéva, dnAadr méco uixpdteprn Yo Tay 1 CUVORXY amAcl Qv elye
TeoPheqiel  mporypoTixy cuyyoedio Yo auth Ty Teplntwor. Ov yéoeg mpdoleteg anwheleg xupoivovTal oo
1,22 éwc 1,88.

Ytov mivoxa 1.5 mapoucidlovpe tor o emlAula Addr, TOU AvVTITEooKTEdOUY OTAVIN GPFAYaTa To omolo
TPoXahoUY UeYdAeg antdAeleg dtav ouufaivouv. Efvar evilagéoov va onuewdel 6Tt autéc ol ouyyopdleg avix-
ouv aTto mepnpLo, xodide tpoBiénovton Aaviacpéva pia popd oe oAdxANEn TV A€LOAGYNOT, EVE dNuIoUEYOLY
Tepdo o avtixtuno oty andielo. H yéon npootidéuevn anwieta xupaiveton and 35,35 éwe 65,10.

Téhog, o mivaxac 1.6 napouctdlel to mo onpavtixd Addn cuvolixd, cuvdudloviag TN cUYVOTNTA Xl T1| CO-
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1.5. Xuurepdoporo

Bapotnra. O meploodtepes and Tic xatoywerioelc eppavilovtor enione petald twv mo cuvnilouévey Aadoy,
eve 1 wéon mpdodetrn andielo xupatveton and 1,23 €wg 1,93.

Table 1.4: Ta 20 o cuvndiopéva Adn otic cuyyopdieg

IMpayuatixry  IpoPhemduevn  Yuvoludg aprdudc  Méon npdodetrn anwhieia

C G 13889 1.31
G D 11526 1.23
G C 11393 1.29
D G 11369 1.31
D A 9320 1.26
Emin G 9032 1.81
F C 8495 1.47
Amin C 8467 1.63
C D 7513 1.32
F G 7144 1.46
A D 7050 1.28
Amin G 6905 1.88
D C 6755 1.34
E A 6729 1.37
C F 6725 1.28
G F 6584 1.22
G A 6559 1.43
C Amin 6128 1.34
Emin C 5830 1.80
A E 5785 1.19

1.5 2vunepdopota
1.5.1 3Xul7Tnon

Autéd 10 xe@dhono epunvelEL TO ATOTEAECUATO TWV TEPLYPUPIXDY XUl TELROHUATIXOV avahOOEWY GE oYEom UE
Toug oToYoUC NS uerétng. Xpnowonouwdviac o cUvolo dedopévwy Chordonomicon, 1 yehétn e€etdlel €dv
Ta epunvedoLd, ENOPELE LOVTEND UTopOUV VoL XaTorypdouy onuovTind appovind xot douxd potifo otn ouy-
Bohu) wovowr. Xuvdudlovtog Tt UeYSAne xhipoxac otatio iy eéepelivion pe axohoudioxy| poviehonoinon,
AmOXUAVTTEL TOGO TOL XOLVE ToVixd Yepéla 60 xat Tig eE0pTOPEVES amd Tot GUUPEULOUEVO TURUANXYES UETAUED TRV
EW0WY, TWY SEXVETIOY X0 TV TUNUATWY TwV Tparyoudidv. H culitnon yweiletu oe 800 pépr, Tnv avdiuon twv
BOXLUY X0l OPUOVIXMY IBLOTATWY TOU GUVOAOU BEBOUEVMY XOL TNV EPUNVELN TWV TELPUUATIXDY ATOTEAECUATWY.

IMepiypapixr Avdiuon

To Chordonomicon delyvel 61l 1 dnuopiric pouvoxr| Bacileton oe LoYUPES APUOVIXES XAVOVIXOTNTES UE AETTES
oTuhoTixéC tapahhayéc. Ta neplocdtepa TpayoldLo TERIEYOUY 6-8 TUAUATY, UE TO UEGO U0 TUAUATOS VoL elval
8 ouyyopdiec, eve Tomxd uéyiota epgoviloviol oe TOMATAGOIL TOU TECCERX, AVTAVOXAMVTOC TN cUPBATIXY
petewn) gpacecoroyia. Ou oTpoPéc xou T pEPEEV XUPLIPYOLY TOCO GE GUYVOTNTA OGO XL GE UHXOC, EVE OL
eloaYwYES xat oL xoTaAiZelC AelTovpyolv xuplwe we obvtopes petafdoels. H Métoh xaw 1 Pan telvouv va
€youv paxpltepa TUhpata, pe Ty Par vo avtiotadpilel to yeyovoc 6t éyel hydtepa oe maflog Tunpato ovd
TeaYoUdL xatd Y€oo 6po, delyvovtag mpoTiuoelg obvieong, ouyxexpyléves Yo xdie eldog, uéoo oe €va xovd
mhaiolo. XUVOAXd, To Pfxoc xat 1 Sour Twv TUNUdtev mapauévouy otaldepd oe dha ta eldn xou Tic dexaetieg,
UTOBNAWYOVTOG (Lol TOAD TUTOTIOLNUEVY) UTIOXE(UEVY) BOUN TWV TEOYOUBLWY.

‘Ocov agopd 1o apuovixd he€lhoYLo, ol Uellove xou ENACCOVES TELABES XUELIEYOUV GTO GUVORO BEBOUEVLY TOUL
Chordonomicon (>90%), evé mo cUvietee B axavéviotes ouyyopdiec eppavilovton xuplne otn Métak, ot
Pox xou oty Iavx. H TCal xou 1 360Ul mpotody cuyyopediec Ye EMEXTACELS X0 TEQLOTAUCLUXES OVAOTROPES,
AVTOVOXADVTAS PEYORDTERY CPUOVIXY| EXPEACTIXOTNTO Topdl T1) OTOVIOTNTA Toug. Me tnv mdpodo tou ypdvou, to
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Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

Table 1.5: To 20 mo oduvnped Addr otic cuyyopdleg avd nepintwon

Iparypaten IpoPhenduevn  Xuvohixdc aprduds  Méor npbdoldetn ancdiela

Fs/C Ccr 1 65.10
Eb/A Fsmin 1 56.38
Adim/C Gmin 1 49.49
F/B Dmin 1 48.71
Gs/B G 1 42.50
Cmin7/A Eb 1 41.86
Gbl11 G 1 41.79
Gsus4/G Fmaj7 1 40.59
Csmin/D Csmin 2 39.73
Cminmaj7 Asno3d 1 39.05
Fsus4/E Fs 1 38.95
Gbminadd13  Dmin 1 38.08
Aminadd13/E  E 1 37.04
Fsminll/A A 1 36.99
Bbsus4/G Eb 1 36.82
Bb/As Emin 1 36.57
Fmaj9,/C Cmaj7/G 1 36.35
Cdim/Eb F7 1 36.29
Gsminl3 Ddim7 1 36.25
Emin9/G Badd9/Ds 1 35.34

BedOUEVOL ATOXOAUTTOUY (Lol oTadLaX Y AmhOToNoT) TNG opUoVIoS, UE UELWUEVT oAl GUY YOoEBLOY TIC TeEheuTaleg
dexaeTiee, avTAvAXAOVTOS, THVAOC, OAAAYES OTLC TEYVIXEC TAPAYWYNS, TNV dloUNTIXN Xl TIC SNUOPLAELS TAOELS.

E&etdlovtac ta axohoudaxd yapoxtnplotxd, ot xivioeis twv ptldyv oto Chordonomicon axoloudolv otevd Tov
xOXAO TWV TEUTTOY, Ol XWVACELS TV 5 NUuLToviwy lvon ol To cuyVvée, axohoudolueveg amd Bruata 2 nuitoviny,
eved ol yetodoeig 6 nuitoviwy eivan omdvieg. Autd ta potifo evduypauuilovtal pe xowvée Tovixéc mpoddoug
onwe I-IV-V-I xou 8ev nopouvoidlouy xateuduvtinn peporndio petald avodixodv xau xotododv petaBdoewmy. H
CUVETELNL OUTOY TWV TAoEWY o€ OAa T (01 xon Tig Bexaetieg uroypopuilel TRy Tovixy otadepdtnta we Poacixd
YOEAUXTNELGTIXG TNE BNUOPLA00E WOUCIXHC.

Emnpocdétne, ou avohboeig oaxorovhdv n-ctoiyelewv delyvouy OtL ol peTaffdoelc Twv cuyyoedldy TouxiAhouv
OTA 6PLOL TWV TUNUATOWY, HE T LoTBa BUEBKY Xl TELADWY Vo BIAPEEOUY amd AUTA TWV CUVOAXWY UeTofdoewy,
H pétpnon tne cuvolinric andotoong dtaxduavong emBefoudvel 4Tt oL aplovixol xavoveg HEToBALOVTOL GUC T
poTed xortd T peTdBaon HETAUED TWV SOUIX®Y TUNUETWY. Autd uTOBNAGVEL 6Tl oL ToTxég axoloudlec ouy-
Y0pdLdV TeplopilovTon amd To HpLal TWV UEEWY, BNAADY OTL Tot UEYEDT) TWV TUNUATOY TEQLEYOLY TATPELS OPUOVIXES
ppdoelc, Tovi{ovtag €Tl TN oNuacia TNE EVOWPATWONS TOU doutxol TAUGIOU GTNY TEOY VWO T HOVIEAOTOMGT
TV CUPBOAXOV axohouddY GUYYOEBLMY.

Enextelvovtog tig avaiboeic oe axohouvdieg prxoug 4, 5 xar 6 cuyyopedlodv, yenotponotidnxay woviého Aavid-
VOUGCUE AMOCTACTG YO TNV OVITHPAC TUOT] TWY TEOYOUDLOY UECK YRUPNUATWY, ToEEYOVTS Uidt EpUNVEDTLUY OT-
Tixomoinom twv potBuv mou elvon cuyxexplpéva yio xdde eldog xou dexactio, uéow oyadomoinone. H evowudtwon
TOV TAEEOWY OE Evay xowvd Aavidvovta yopo amoxohlinter oTato T eyyOTnto YeTall TV EWBMV Xt TLV
YEOVIXA YELTOVIXWY BEXUETIWY, ETPBEBAOVOVTIC OTL T OTATIC TN TWV TAELAOWY XATAYPAPOLY OPLOUEVES OYE-
OEIG UETAED TV YPOVIXOY HOTIBwY. Axdua, oL TeploabTepe TAEIEBES XATUAUUBAVOUY TUXVES XEVTRIXES TIEPLOYEC,
OVTAVOXADVTOC KOV dpPoviXd LOTIBa, EVE Ol GTUNOTIXEC %Ol YPOVIXEG TOPOANaYES avadlovTon Slaxpltixd o€
ToTég douéc LPNAGTeEpNE TdENC, Loo TNEllovtag TNV XUFOAMUOTNTA TWV APUOVIXDY VeUeNlwY.

IMTewpdporto

Yuuninewvovtog autée T mopatnenoel, to melpduata axolovthoxic Yovielonolnong, oyeTd Ye TNV ToE-
wounon avd eldog xou dexoetio xou TV TEOBAedN enduevev cuYY0pdLLY, ToEOUCLELOUY EVBLOPEROVTI OTOTEAEC-
OLTOL.
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1.5. Xuurepdoporo

Table 1.6: To 20 mo onuavuxd Addn oTic ouyyoedlec cuvolxd

Hpayuotixyy  Ipofienduyevn  Xuvolude aprdudc  Méon npdodetn anwieie  Luvokxn tpdcletyn anwieia
C

G 13889 1.31 17854
Emin G 9032 1.81 16129
D G 11369 1.31 14536
G C 11393 1.29 14409
G D 11526 1.23 13964
Amin C 8467 1.63 13744
Amin G 6905 1.88 13053
F C 8495 1.47 12179
D A 9320 1.26 11466
Emin C 5830 1.80 10193
F G 7144 1.46 10078
C D 7513 1.32 10002
Bmin D 5537 1.80 9982
Emin D 5171 1.93 9973
D C 6755 1.34 9157
E A 6729 1.37 9089
G A 6559 1.43 8949
A D 7050 1.28 8929
C F 6725 1.28 8597
C Amin 6128 1.34 8258

Iot tor mpofBifiartor Tovounong, tor eEAappld axohovdloxd LOVTEN, To HOVTEAN XATAGTACNC-YMEOU XAl TOL HOV-
téha havddvoucog andotaong elyav younin oamédoon. Movtéha to omola exmaUdedTNHAV YENOULOTOLDOVTISG
oVaToEAc TAoELS BUCIOUEVES UOVO OE TOVIXEC XAAOELS TETUY OV UETELO OTOTEAEGHOTA, EVE TO oA otvoBEOUXd
veupwvixd dixtua xou tar wovtéha Aavddvouoag andotaone elyav anoteréopata nouv mpocoyolalay Ty Tuyaio
emhoyT). Ol To TEONYUEVES UPYLTEXTOVIXES, OTIWC Ol TUPUAAAYES TWYV ATAWY OVADPOUXMY VEURKVLXY TOU YeNoL-
pomooly unyaviopole pe toies xauw Mamba, eiyov xolltepn anédoon, ahhd e€axohouvdoloay va avtietwrilouv
BUOAONES, AVTAVOXAWDVTOC TNV TEPLOPLOUEVT] DLOXELTIXT] IXAVOTNTO TWV OPUOVLXMY YAULUXTNPLO TIXWY oTd didpopa
eldn xou dexaetiee.

Iapd v acdevh anddoon e ta€vounong, to melpduata mapéyouv mohdTies mAnpogopies. O mivaxeg
oUyyuong, and v axoloudiaxy poviehornoinon, delyvouy 6Tl ot haviaouéves tavouroels oupfBaivouv cuyvd
HETOED XAUTNYOPLOY UE TAUPOUOLO GTUA, GE CUUPWVINL PE T EYYUTNTEC GTOV AVUAVOVTOL YWEO TWV UXOAOU-
Yoy pixoug n. Autd evioylel Ty WEa OTL pLo XoLvY| oplovixt| Sour extelvetan oe Sidpopa eldrn xou dexoeties,
avTavohovtog otadepd Yeuéhiar He AETTES TopohhaYEC.

To nelpdpota TedBAedng cuyyopdidy utoypauuilouy ) onuacia TWY JEUOVIXWY GUUPEALOUEVLY XoL TNG BOUNC
o€ eN(MEdO TUNUETWY. Xe OAEC TIC APYLTEXTOVIXES 1) anddoom BeATidveton porySala we TNV adEnom Twv SEBOUEVLY
exnaldevone éwg neplnou 200.000 delyyota Sladoydv cuyyYoedldy, UeTd Ta onola 1 Bedtiworn otadeponoleltar.
Autd unodnidvel éva onuelo xopecuol Omou Ta LovTtéha €youy xotaypdlel T xuplapyes apuovixés elapthoels
xou ToL tepeTalpw mpdoieta dedoUEva TPOCPEROLY UOVO Oploxés BEATIOOELS.

H avdhuon tne anddoong we mpog to prixog tne axohoutiag mewv tnv tedfBiedm delyvel 6Tl 1) anddoon BeATiddveTon
e to peyolitepo thidog cupgpealdpevey éwe tepitou 15 cuyyopdies, petd Tic onoleg to ogéln otadeponololv-
Tat. Autd UTOBNAGVEL OTL Ol TEPLOGOTEPES TPOY VWO TXES TThnpogoples eivon toxés. H avamopdotaon ouy-
Y0pdiv pe 3 dpouc (plla, mowdtnta + enextdoelc, avaoteogt), uneptepel otadepd e npocéyyiong ue 1 bpo,
xodog Bondd ta povtéra va udidouv Tic oyéoelc LETAED TMVY GUGTATIXGDY TWV GUYY0ESLOV avTl VO AToUVILOVEVOLY
ohOXANp GUUBOAA, ATOBEXVIOVTAS OTL 1) AEUOVIXY) XUTAVONOT w@eAe(ton and Tig oOVIETES AVUTUPUC TAGEL, CUY-
YOpOLOY.

Ta amhd oavodpopind veupwmvixd dixtua €youv YelpdTeRn am6d00T), and TG TUPUAAAYES TOUC TIOU YENOLULOTOLOUY
TOAES, AOYW TNG MEPLOPLOPEVNS XAVOTNTAS TOUG Vo Blatneoly poxponeddecua To OYETIXE GUUPEULOUEVO (OTE
vo. govtehomotoouy oUvieteg apuovixée eloptrioelc. Eivow eniong evBiagépov dti avtioteépetar 1 Siopopd
e anddoang petod Tng mpooEyylong Ye 3 dpoug xan authc UE 1 6po, xodwe 1 aveldptntn medPiedrn xdie
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Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

ouoTaTxol TNe ouyyopdilac cuVelopEpel otV cucotpeuot) alefondtnTac dtay T cuVBLELovTaL YLoL TNV TEMXT
TedPBAedn, aEdvovToag To GUVOAIXS GQAAUAL.

Téhog, 6tav to ovtéra doxdlovtal o OAOXANEA TEAYOUBLY, oY VOOVTAS TNV ECWTERIXT] TUNUUTOTO(NGY TOUC,
N andédoon pewwvetat. Ou poxpitepeg axohoudieg elcddou BeATitdvouy eEAaPE®S TNV amdAeL, ohhd 1 oxp{Bela
petdveTon xadde petd and ueTafdoels oe VEO TN Tol GUUPEALOUEVE TOU TPONYOUUEVOU YEVOUY 0pXETE TNV a&ia
TOUG, TEOXUAMOVTAC aoLBBacteg axohovdieg xou cuaTHUUTXG opdApaTa. Mewdveta N ixavoTnTa TEOBAEdNS TeV
HOVTEADY WOTOGO Tol TOANOTERX GUHPEAlOUEVA EVIoY VoLV ehapens TNy o&lomiotior Toug. Autd unoypopuilet
N onuooio g doung oe eMNEdO TWV TUNUETWY oTn poviehonoinoyn cupBolixdy dladoywy cuyyopdusy. H
anédoor mowxiAel enione ueta€h cuVOAWY dedouévwy, P To ETUEANUEVO XelUeVa oL TeplEYouY TANEOYOpRieg
TUnUaTonoinong va amodiBouy o alléToTa ATOTEAEGUATA.

1.5.2 TIIepropiopol xaw Merhovtixy, 'Epeuva

Av xou n pehétn auth napéyel Thnpogoplec Yo Tic UUBOAXES SLadoyEC CLYYOEDLLY, UTEPYOLY JEXETOL TEQLOP-
topol mou voYEUPUICOLY TIC TPOXAHOELS Xou TLS EUXALE(ES YLl UEAAOVTIXY €pEUVAL.

o AMNayeég otny adia Twv ocvpgealouevwv: H wavémnta npdfredne tng enduevne ouyyopdiocg
HELOVETOL OTA Oplal TV TUNUATwY. Mellovuxég yehéteg Yo umopoloav va diepeuvicouy tnv Aviyveuon
Tunudtwy yenowonowdvtog v ofeButdTnTol TOU HOVTEAOU TOU TEOXUNTEL PETA TIC OANXYES, V) Xol
0 TEdPBANua e TedPBAedng enduevng cuyyopdiag propel va enw@eindel yvwpilovtag ndte mpoxinToLY
petafdoelc.

e Mn wocopponnuévo cOVoRo BeBoUEVLY xat 1 entkéleia Tou: H elicoppdénnon tou Chordo-
nomicon yta tovounot anéxheioe ToAES xataywenoele, e mdovi| andieio potiBwv. Ipoceyyioeg dnwg
YoM o TAVUOUEVLY ATWAELDY Xou 1) TEYYNTA aOENnoT Twy dedouévewy Yo uropovoay va dltneicouy Ty
QEUOVIXT| X0 GTUALC TLXY) TowtAouopplo.

o ITepropiopol amoxAeicTixnc xehone ocLUBOoAxX®Y ocuyyxoedi®v: O cupBolxéc Sboyéc
oLy Y0pdLOY TopaAe(touy oTolyela 6mwe TN Yehwdla, Tov pulus, To TéUTo OANE xou TNV BdpXELd TOUG.
ITohutpomixée mpooeyyioelc, 1 npdodetec mhnpogopiee, Yo unopoloav vo BeATUOCOLY TNV anddooT T6G0o
070 TEOBANUL TNe TaEvoUNoNE 660 xaL 6To TEOBANUA TNG TEOBRedNg.

o AavOaocuéveg npoPiedeig cuyyopediwv: Ta opdiyouta TV poviéAny tepiauBdvouy eite ondvieg
ouyyopdiec ye LPNAéc amdAeles i cuyvéc xar povowxd edhoyes ouyyvoels (dnwe Cmaj évavt Gmaj A
Cmaj évavtt Amin). Teyvixéc e€opdluvone 1 yerion eldixd Tpocaplocuévey atwAeldY Yo urtopoloay va
MBouv uddrn Youond TUEOUOLES EVOANOXTIXES ADGELS, HELOVOVTAS TIS TOWVES Yia amodextés mpofliéfels,
Onhady) xan Ty enidpaor) Toug xatd TN Bidpxela TG exmaldevone.
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Chapter 2

Introduction

Music is one of the most expressive forms of human creativity, its structure and internal rules have captured
the attentions of composers, scientists and technologists alike, for centuries. Understanding how harmony,
melody, and rhythm interact to create emotion, express ideas and tell stories, has long been an important
aim in the domains of art and science. With the rapid expansion of digital music data and the evolution
of computational tools, the study of musical structure has increasingly transitioned from pure theoretical
analysis to data-driven approaches. The increasing interest and the improvement of modeling mechanisms
have given way to the field of Musical Information Retrieval (MIR), that aims to analyze, model, and
understand music, using computational and statistical methods.

At the core of musical sequences lie the chords and their progressions. They form the most fundamental
elements for studying tonal and stylistic characteristics. These progressions define harmonic motion, estab-
lishing the patterns of tension and resolution that organize musical form and contribute to its character. By
modeling them, it becomes possible to track the historical evolution of harmonic language, uncover stylistic
signatures across different genres and learn to predict musical events such as what chords or modulations
may follow.

However, while chord progressions capture essential harmonic information, they represent only one dimension
of the musical structure. Symbolic chord progressions depict purely harmonic abstractions, they do not
completely encode melodic movement, rhythmic structure, tempo or expressive timing. Focusing totally on
music’s tonal backbone makes symbolic chord progressions a concise yet constrained way to describe music
including rich harmonical representation.

Traditional approaches to harmonic analysis have relied more on symbolic rule-based methods or shallow sta-
tistical models that capture only local relationships between chords. The recent emergence of machine learning
and deep learning methods has created a new path towards understanding music. Neural architectures suit-
able for sequential modeling such as, recurrent neural networks with their gated variants, Transformer-based
models and more recently, state-space models like Mamba, have introduced the capacity needed to capture
long-range dependencies and hierarchical structures in musical sequences. These methods enable learning
harmonic and stylistic relationships, extracted from raw data, without the need for handcrafted rules. The
goal of this study is to model and analyze musical structure through symbolic chord progressions using
both statistical and machine learning methods, bridging the gap between music theory and computational
modeling and encoding the harmonic and temporal properties of music.

More specifically this thesis aims to:

e Investigate how symbolic representations of chords and progressions can effectively describe musical
structure across genres and decades.

e Employ and compare statistical models and deep learning architectures for modeling chord sequences

e Evaluate model inference on key music information retrieval tasks such as genre and decade classification
and chord prediction
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Chapter 2. Introduction

e Analyze how model performance reflects harmonic similarities, stylistic grouping and temporal evolution

By integrating the theoretical foundations of music with modern machine learning techniques, this work
contributes to a deeper understanding of how data-driven models can capture the essence of harmonic or-
ganization. Furthermore, it provides insights into how computational representations of music align with
human perception and theory, offering perspective for future applications in automatic composition, music
recommendation and stylistic analysis.

The remainder of this thesis is organized as follows. It begins by introducing the foundational principles of
music theory and symbolic representations relevant to computational analysis. Next, it provides an overview
of machine learning principles, followed by a detailed description of sequential models that utilize recurrent
and attention-based mechanisms. The work then presents the Latent Distance Model, further explaining the
proposed research framework. Finally, the following sections describe the dataset, feature extraction process,
and preliminary analysis, before detailing the experimental setup, model evaluation, and results. The thesis
concludes with a discussion of the finding, their limitations, and potential directions for future research.
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Chapter 3

Music Theory

Music is a form of organized sound that uses different elements to express emotions, spread ideas and tell
stories. The desire to understand the structure and relationships behind it eventually gave rise to music theory.
Music theory provides the formal language and rules that create an analytical framework for understanding
music. Concepts such as pitch, melody, rhythm, harmony, and timbre are crucial to how music is composed,
performed, and perceived. In the context of Music Information Retrieval (MIR), these concepts are not
only informative but also usable by computational systems. Music Information Retrieval is the field that
studies music through computer science and data analysis. Its goal is to analyze, understand and organize
music. Besides using raw audio for such analysis, representing musical elements symbolically, through notes,
chords, progressions, or rhythms, enables to algorithmically analyze, model and understand music across a
wide range of tasks.

Every music information retrieval task benefits from a strong foundational knowledge of music theory. Tasks
like melody extraction, chord recognition, key detection, genre classification, cover song detection, or similar-
ity measurement depend on capturing musical structure and relationships. Understanding harmonic function,
melodic contour, tonal hierarchy, and tonal patterns opens the door for computational models to learn im-
portant patterns that reflect human musical perception and cognition.

By integrating music theory into complex computational models, music information retrieval systems gain a
stronger analytical foundation, moving beyond purely statistical methods, and capturing musically meaningful
patterns. Symbolic representations of musical elements provide a way for machine learning models to absorb
theoretical knowledge and analyze music using its essential structural components. This chapter provides the
necessary theoretical background [1] to understand the role of music theory and its influence on the design,
interpretation, and evaluation of music information retrieval problems across various tasks.

Contents
3.1 Pitchand Intervals . . . . .. .. i i i i i i e e e e e e e 42
3.2 Scalesand Keys . . . . . i v i i i i i i it e e e e e e e e e e e e e e e e e e e 42
3.3 Chord, harmony and Chord Progressions . . . . . .. .. ... ..., 43
3.4 Symbolic Representations for Computational Modeling . .. .. ... ... .. 44
3.5 Applications to Music Information Retrieval (MIR) Tasks . .. ... ..... 44
3.5.1 Genre and Decade Classification . . . . . .. .. .. .. .. ... ... ....... 44
3.5.2 Chord Prediction . . . . . . . . . . e e 45
3.5.3 Other tasks . . . . . . . . e e 45
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Chapter 3. Music Theory

3.1 Pitch and Intervals

At a foundational level, music is organized around frequency. Frequency determines the highness or lowness
of a perceived sound. In music the quality of a sound governed by the vibrations producing it is called
pitch. In Western tonal music, pitches, whose ratio in frequency is 2 : 1, are considered octave equivalents,
an octave being the interval between these two pitches. This perceptual property makes pitches groupable
into pitch classes, allowing the containment of the theoretically infinite frequency spectrum into twelve
discrete categories within an octave. These pitch classes, also called notes in an octave, form the basis of
most symbolic music representations used in music information retrieval tasks. The twelve pitch classes are

C,C#/Db, D, D#/Eb, E,F,F#/Gb, G, G#/Ab, A, A#/Bb and B.

An interval is the distance between two pitches and in the Western system this distance is measured in
semitones, the smallest equal division of the octave. For instance, the distance between C' and E consists of
four semitones and is labeled a major third, while the interval between C' and G consists of seven semitones
and is called a perfect fifth. Intervals are used to describe both quantitative and qualitative relationships
between pitches.

Understanding pitch and interval structure is an important step to move from absolute frequency to relative
pitch information. Features such as chroma vectors or pitch-class profiles do not rely on octave information,
they categorize pitches according to pitch classes providing transposition invariance and focusing on patterns
based on chord progressions or melodic contours.

In symbolic music information retrieval, pitches and intervals are commonly encoded using integers. An
example is the C major triad being represented by the pitch-class set {0, 4, 7}, corresponding to the root, the
C note, the major third, the E note, and the perfect fifth, the G note. On the other hand, instead of pitch
classes, interval representation can also be used, such as {+4, 43} for the same triad, denoting the way the
notes move in it. Representations of this category prioritize structure over content, allowing machine learning
models to learn patterns based on motion, spacing and harmonic relations leaving tonal contexts aside.

This abstraction of musical data to pitch and interval representations helps music information retrieval
systems to align with theoretical descriptions of melody and harmony. It also serves as a first step to
understanding and modeling more complex concepts, like scales, keys, chords, and progressions.

3.2 Scales and Keys

In tonal music, where a central note acts as a base for the system, melody and harmony are constructed
on sequences of pitches. Organized pitch sequences are called scales. In Western music, the most common
scales are the major and minor and they are defined by specific patterns of whole and half steps, tones and
semitones, between successive notes. The major scale follows the pattern W-W-H-W-W-W-H, with W
denoting the whole step and H the half step. For example, the C' major scale based around the C pitch is
composed of C—D—-FE-F-G—A-B. The minor scale’s pattern is W-H-W-W—-H-W-W including scales like
the A minor (Aeolian) scale that comprises the pitch classes A-B-C-D-E-F-G. These two scales consist of
the same pitch classes but have a different key.

A key refers to the tonal center of a musical piece, normally the tonic note of a scale, which serves as a point
of resolution and stability. The key creates a hierarchy amongst pitches, assigning roles to notes and chords,
some being more stable or tense relative to the tonic. These roles like tonic, dominant, and subdominant
describe the function of each part of the scale and are important for understanding harmonic progression.
Tonic is the main note of the scale, the fifth note is the dominant and the fourth the subdominant with the
subdominant being the same distance below the tonic as the dominant is above it. The rest of the notes also
have descriptive names, the third is the mediant, the sixth the submediant the second is the supertonic and
the seventh is the called either leading tone or subtonic depending on the scale [16].

A systematic way to visualize relationships between keys is the circle of fifths. The circle of fifths shows
how each key is related to the others by perfect fifth intervals of their tonics. Viewed in a counterclockwise
direction it represents a circle of fourths. Keys closer on the circle share many common pitches, which
explains why modulations, being shifts of key, between neighboring keys sound more natural. Understanding
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key relationships is important for music information retrieval tasks such as key detection, harmonic similarity,
and transposition-invariant pattern detection, where the same patterns can appear in different keys.

o/

Jem

Figure 3.2.1: Circle of Fifths, important for understanding relationships between key signatures [2].

For computational analysis, scales and keys are often represented symbolically, as pitch class sets or as
sequences of scale degrees with respect to the tonic. These representations absorb scale and key information
allowing for another layer of abstraction helping music information retrieval systems analyze melodies and
harmonic structures in a key-independent manner, while capturing the tonal substructure of musical pieces.

3.3 Chord, harmony and Chord Progressions

Chords are sets of pitches sounded together. The simplest form of chords is that of triads. Each triad consists
of the root, the third and the fifth, while there exist variants that replace the third or completely remove
it. The C major triad, for example, includes the notes C (root), E (major third), G (perfect fifth). Chords
can be extended by adding additional notes such as sevenths, ninths, or other extensions that enrich their
harmonic color.

The structure of each chord is classified based on its quality. The quality defines the intervals between the
root and the other tones in the chord. The most common qualities are shown below:

Major Triad: root, major third, perfect fifth (C major: C-E-QG)

Minor Triad: root, minor third, perfect fifth (A minor: A-C-FE)

Augmented Triad: root, major third, augmented fifth (C augmented: C—E-G#)
Diminished Triad: root, minor third, diminished fifth (A diminished: A-C—Eb)

Additionally, a chord can also appear in different inversions, keeping its notes but rearranging them so the
lowest pitch in the chord, the bass, is other than the root. For instance, taking the first inversion of the C
major triad, we end with E in the bass E-G—C, while the second inversion brings the G in the bass G-C—F.
During inversion, the pitch content stays the same, what changes is the bass which can lead to smoother
harmonic motion when progressing through chords.

In a musical piece, chords do not just stand by themselves, they interact with other chords over time.
Harmony gives insights into their function and meaning in a sequence and provides the structural shape
in which they express tension and resolution, setting the direction and adding emotional content in music.
These relationships are what create a sense of motion, stability, or anticipation as time evolves.
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Smooth chord transitions are closely related to the concept of voice leading. Voice leading refers to the
stepwise movement of individual notes between successive chords which accounts for the perception of smooth
harmonic transitions. For example, moving between chords that share some notes, like from C major (C-E-G)
to A minor (A-C—FE) results in a smoother transition than changing them all at once, like from C major to
D minor (D-F-A).

Besides local chord relationships, multiple chords can be combined and form a progression, that are longer
sequences that define tonal structure to a bigger extent. Common patterns such as I-IV-V-I and #i—-V-I
create cycles of tension and resolution, while less conventional sequences add stylistic variety. Functional
harmony establishes roles to chords based on the scale degree of the note they were built on. The tonic
(I) provides stability and resolution, the dominant (V) creates tension and seeks to resolve back to tonic
and the subdominant (IV) includes variety and often transitions to dominant. Other scale degree chords

In music information retrieval, harmonic information can be encoded symbolically using chord labels, sets of
pitch classes or representations of the intervals between chord. Models suited for sequential analysis, such
as those based on recurrence (long short-term memory systems and mamba) or those that capture sequen-
tial using other methods (self-attention in Transformers), can utilize these encoding and extract important
features for tasks including chord recognition, chord prediction, key detection, genre or decade classification
and similarity based on harmonic structure. Music information retrieval systems can model both local and
global relationships in tonal harmony, by integrating knowledge on chord composition, quality, inversions,
voice leading and progressions.

3.4 Symbolic Representations for Computational Modeling

Symbolic music representations encode features like pitch, duration and harmony as categorical or numeric
values, providing a different way for computational models to learn musical context besides raw audio data.

Different formats include Musical Instrument Digital Interface (MIDI) files which represent notes by pitch
numbers, duration and onset while chord annotations describe harmonic content through root, quality, exten-
sions and bass. These symbols are often turned into numeric encodings and tokenized for learning. Chords
can be expressed as one-hot vectors, pitch-class sets or chroma features than can be derived from audio
signals and be represented symbolically.

To capture temporal and harmonic relationships of chord progressions sequences can be modeled using n-
grams or embedding spaces, having similar chords and progressions occupy neighboring positions. In addition,
architectures suited for sequential modelling, such as recurrent neural networks, transformers and state
space models can derive information about progressions and learn dependencies, predict future chords and
characterize tonal behavior.

Symbolic representations allow computational models to incorporate music theory into their learning process
and enable them to analyze the structural properties of tonal harmony, moving beyond static representations.

3.5 Applications to Music Information Retrieval (MIR) Tasks

The theoretical concepts and symbolic representations described in this chapter create a strong basis for
multiple music information retrieval tasks. Presented below are the most relevant task with this thesis.

3.5.1 Genre and Decade Classification

The goal of classification is to assign the correct label or labels to elements from the data. Genre classification
aims to assign predefined musical styles, known as genres, to musical pieces. Features useful for this task may
include pitch content, chord distributions, or harmonic progressions detected in chord sequences. Symbolic
representations of chords and their progressions help identify relationships between each part of the sequence
as well as between sequences. Some examples are the use of extended chords in jazz or repetitions in pop
music. Although there exist some patterns, each genre adopts different elements that might also be shared
amongst them, making the task a difficult one.
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Similarly, decade classification aims to determine the time period of a musical piece by relying on stylistic
and harmonic elements. Chord usage, tendencies in specific progression patterns and certain harmonic
preferences can be indicators of temporal trends in music, allowing models to locate their place in time.
Decade classification’s goal is to describe how music evolves through time and is part of tasks concerning
musical style evolution and similarity analysis.

3.5.2 Chord Prediction

Chord Prediction involves estimating the next chord in a sequence by leveraging the harmonic context
provided. Inputs are typically symbolic chord labels, and the output is the most probable chord to follow the
given preceding sequence. It essentially is a sequence modeling problem suitable for recurrent or attention-
based architectures. Chord prediction is a task closely related to the tasks of chord recognition, which aims to
automatically identify the chord sequence mostly based on audio input, and acts as a complementary. Chord
progression can also be viewed from another angle as a chord generation task, as both rely on understanding
harmonic motion and modelling musical style. Chord generation has different evaluation methods as multiple
generated progressions may be musically valid depending on stylistic user-defined criteria.

3.5.3 Other tasks

While escaping the scope of this thesis, symbolic representations of music also support tasks such as key
detection, beat tracking, melody extraction, harmonic analysis, music similarity, style identification and
more.

This chapter establishes the scope of symbolic music information retrieval tasks, addressed in this thesis,
along with the necessary theory that accompanies them, providing context for the modeling approaches
presented in Chapter 9.
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Chapter 4

Machine Learning

The idea of creating an entity with human-like characteristics and intelligence, one that can think for itself,
has existed since ancient times. In the 20th century, this vision took a new form with the invention of
programmable computers, leading to the establishment of Artificial Intelligence as a formal field. Early
Artificial Intelligence systems focused primarily on problems that could be described with strict mathematical
rules, relying on comprehensive knowledge bases to solve them. Interestingly, such problems often seem
difficult for humans but easy for machines thanks to their computational power. However, these systems
struggled with tasks that humans find intuitive, such as recognizing speech or images. The difficulty of
formalizing such tasks with explicit rules quickly revealed the limitations of traditional Artificial Intelligence
approaches [17].

To overcome these challenges, Machine Learning, a branch of Artificial Intelligence, emerged. Machine
Learning introduced algorithms capable of extracting patterns and knowledge from training data, then using
that knowledge to make inferences about new, unseen data. Instead of requiring explicit programming for
every possible situation, Machine Learning models learn from experience, identifying statistical relationships
within data and generalizing from them [18].

The more intuitive a task is for humans, the harder it often is to break down into formal steps or explicit
rules. Machine Learning tasks vary in difficulty and are strongly influenced by the quantity, quality, and
format of the available input data. Common input types include text, audio, images, time-series, graphs, or
even a combination of these (multimodal data). Core tasks in Machine Learning include classifying data into
predefined categories, predicting continuous numerical values through regression, or finding and grouping
similar data points through clustering. The choice of a suitable learning method depends on the nature of
the data and the specific goal of the task.

As a foundation for understanding these methods, it is important to examine the main Machine Learning
paradigms, which define how models learn from data and the type of feedback they receive during training.
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4.5 Tokenization, Embeddings and Feature Spaces
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4.1 Learning Paradigms

Machine Learning algorithms are categorized by the way they extract knowledge from the data and the type
of feedback they receive during training based on their performance. These algorithms fall into five broad
categories: supervised learning, unsupervised learning, reinforcement learning, semi-supervised learning, and
self-supervised learning.

4.1.1 Supervised Learning

In Supervised Learning the model is trained to make correct predictions based on the given input. This
method is applied when a correct output already exists, an external “ground truth” labelling the data, which
allows the model to compare its predictions and better its accuracy over time. The most common tasks
under this paradigm are those of classification and regression. Classification involves predicting categorical
outcomes, where the target variable represents distinct groups or labels while Regression deals with continuous
target variables. Such approaches are widely used in Music Information Retrieval (MIR) for example genre
classification [14] and music popularity prediction [19].

4.1.2 Unsupervised Learning

Unsupervised Learning algorithms do not involve any external labels guiding training. Instead, they focus on
detecting intrinsic structures dependencies and correlations in the raw data. With no explicit instructions,
the model is left to detect hidden patterns on its own. Common Unsupervised learning tasks are clustering,
dimensionality reduction, and association. Clustering involves grouping data into clusters based on similarities
found in their features. Dimensionality reduction is the process of reducing the number of dimensions used
to represent the data while preserving essential information about them. Association is a technique for
identifying rules that indicate correlation between features. These methods are used in song similarity
analysis and music recommendation systems [20].

4.1.3 Reinforcement Learning

In Reinforcement Learning, an adaptive algorithm, known as an agent, learns by exploring the environment
trying to reach a predefined goal. The agent is encouraged to learn the best strategies to achieve this
goal, receiving feedback through rewards or penalties depending on an established metric. Over repeated
interactions, through trial and error, the agent can distinguish the best strategies [21]. Common applications
of Reinforcement Learning include robotics, autonomous systems, and game playing, where the agent must
make sequential decisions to maximize long-term rewards.

4.1.4 Semi-Supervised Learning

Semi-Supervised Learning stands between supervised and unsupervised learning. This type of training is used
when the dataset being used consists of a small, labeled part and a large, unlabeled part. During training,
the algorithm uses the labeled data, indicatively, to guide its understanding of the unlabeled data. One such
model might use unsupervised learning to detect clusters in the data and after that use the labeled data within
each cluster to infer the labels of others [21]. Semi-Supervised Learning is commonly applied in situations
where labeling the data is time-consuming or costly, such as speech recognition and text classification.

4.1.5 Self-Supervised Learning

Self-Supervised Learning is related to Semi-Supervised Learning, but it does not rely on human provided
labels during training. It can be viewed as a form of Supervised Learning on unlabeled data. Instead of using
external labels, the algorithm generates its own pseudo labels after training on the unlabeled data, learning
internal representations. In some cases, small amounts of labeled data might be later used to fine-tune the
model for specific real-world applications [18]. Self-Supervised Learning is widely used in cases where large
volumes of unlabeled data are available, particularly in representation learning tasks such as natural language
processing, computer vision, and music feature extraction.

Only Supervised and Unsupervised Learning will be considered in this thesis.
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4.2 Neural Network Fundamentals

Neural Networks (NNs) are an important part of Machine Learning and are inspired by the structure and
function of biological neural networks, such as the human brain. Artificial Neural Networks (ANNSs) consist
of interconnected computational units, called neurons or nodes, which are organized in layers. Their goal is
to process input data and learn a mapping to the desired outputs.

Each neuron receives input, combines it with weights, applies an activation function, and passes the result
to the next layer. During training, the network adjusts its internal parameters, weights, and biases, allowing
it to recognize complex patterns and approximate functions that can accurately predict the outputs.

Even though these concepts are mostly associated with supervised learning, they are important for this thesis
because they provide the foundation for understanding how neural networks, including recurrent models,
operate. The rest of this section breaks down the core components of a neural network: how individual
neurons function, what activation functions are, how networks learn through loss and optimization and how
information flows and updates through layers. The information presented below was primarily sourced from
[17], [22], [23].

4.2.1 Perceptrons and Multilayer Networks

As mentioned above, at its simplest, a neural network is made up of neurons, also called perceptrons.
Each perceptron takes an input vector of features X = [x1,22,...,2,]T, multiplies each component by a
corresponding weight W = [wy,ws, ..., w,]T to control the influence of each input feature on the output,
adds a bias b to shift the activation threshold, and transforms the result using an activation function ¢
producing an output y:

y= (b(iwixi + b) = ¢(W'X +b) (4.2.1)

A perceptron is a simple classifier. The weights and bias of each perceptron define a single hyperplane which
effectively divides the input space. This introduces a key limitation: a single perceptron can only model
linear relationships. Each region of the input space on one side of the hyperplane maps to a specific output.
Therefore, any problem where the classes cannot be separated by a single hyperplane cannot be solved by a
single perceptron.
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Figure 4.2.1: A single Neuron (Perceptron) [24].

To overcome this limitation, neurons are stacked into layers, forming a Multilayer Perceptron (MLP). By
combining multiple layers and nonlinear activation functions, multilayer perceptrons can model more complex
and nonlinear relationships. In a multilayer perceptron with L layers, the output of layer [ is:
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0 — ¢<W<z>Th<z—1> 4 b(l)) (4.2.2)

Where h~1 is the output of the previous layer and h(®) = x is the input vector.

In music applications, multilayer perceptrons have been applied to tasks such as chord recognition and in-
strument classification. Deep neural networks are used to transform chroma features into more discriminative
representations for chord recognition [25]. Similarly, multilayer perceptrons and convolutional architectures
are applied to predominant instrument recognition in polyphonic audio, showing that neural networks can
effectively model timbral patterns [26].

4.2.2 Activation Functions

Activation Functions determine how a neuron responds to its input and are essential for introducing nonlin-
earity into a neural network. Without nonlinear activation functions, using a linear activation function for
example, the network behaves like a single-layer linear model and fails to capture complex relationships. A
few examples of activation functions are shown below.

Linear Sigmoid Tanh
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Figure 4.2.2: Linear, sigmoid and hyperbolic tangent activation functions.

ReLU Leaky RelU
a(x) = max(0, x) a(x) = max(ax, x)

(typically 0.01 = a < 0.3)

Figure 4.2.3: A single Neuron (Perceptron).

Nonlinear functions such as sigmoid, tanh and ReL.U allow networks to approximate complex relationships,
but they each have its limitations. Sigmoid and tanh can suffer from the vanishing gradient problem, which
will be explained in Chapter 5, making training unstable. The ReLU can produce “dead” neurons when
its inputs remain negative, “leaky” ReLU mitigates this problem [27], while softmax is typically limited to
producing probability distribution in output layers.

4.2.3 Loss, Optimization and Backpropagation

To evaluate a model’s performance, meaning how well its predictions match the output loss functions or cost
functions are used. They provide a quantitative signal that the model uses to adjust its parameters during
training. Common loss functions include:

Mean Squared Error (MSE): Better suited for regressions tasks, measures the average squared difference
between predicted ¢; and true y; values over N samples.

N

1 N
Lyse = 5 > i - ) (4.2.3)
i=1
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Chapter 4. Machine Learning

Cross Entropy (CE): Measure the difference between predicted probability distributions and true class labels.
Mostly used with classification tasks with C' classes, where y; is the true one-hot label and g; is the predicted
probability vector:

N C
1 N
1=1 j=

After calculating the loss, optimization algorithms make use of it and update the model’s parameters accord-
ingly trying to minimize it. The simplest approach is gradient descent, which moves each parameter 6 in the
direction of the negative gradient of the loss Vg L(0;) at step ¢. The update rule is:

0t+1 = Gt - TIVQL(Ot) (425)

Where 7 is the learning rate which controls the step size. Choosing an appropriate learning rate is crucial, if
too high it may cause divergence, if too low, training slows and might not reach optimal solutions. Variants
of gradient descent that improve convergence are:

e Stochastic Gradient Descent (SGD): Avoids using the whole dataset for updates by using mini-
batches instead.

e Adam: Combines momentum and adaptive learning rates for faster convergence.
e RMSprop: Adjusts learning rates based on recent gradient magnitudes.

Even though the process of calculating the gradients is conceptually simple, computing gradients for all
parameters directly is computationally inefficient. To address this, neural networks employ backpropagation,
an efficient algorithm that applies the chain rule of calculus to propagate the error from the output layer
back through the network. This enables efficient gradient computation for all parameters during training.

4.3 Training and Generalization

Training a model typically requires multiple passes, or epochs, over the entire training dataset. Within each
epoch the data are divided into batches, and the model processes one batch per step. Each step produces
outputs with corresponding losses, which are then used to update the model’s parameters.

The goal of the training process is to identify meaningful intrinsic patterns in the training dataset that will
help the model generalize and apply this knowledge on unseen data to make decisions. This involves not only
optimizing the model’s parameters to minimize the loss of the training data but also ensuring that the learned
patterns are transferable to unseen data. Generalization is therefore a central concern in model development
and evaluation.

A common approach during model development is to split the dataset into three parts train, validation and
test sets. Each set is selected in a way that ensures they are mutually exclusive, with the idea of training
the model using the training set, using the validation set to make refinements and then evaluating the final
model on the test set.

Different problems can occur during training that show lack of generalization, which are categorized based on
the model’s performance across these sets. Overfitting occurs when the model achieves reliable results on the
training data but performs poorly on validation and test sets. This happens because the model memorizes
noise or pseudo patterns in the training data rather than capturing their underlying structure. On the other
hand, Underfitting occurs when a model, lacking sufficient capacity or training, fails to detect any meaningful
patterns resulting in high error rates across all sets.

To avoid overfitting, regularization techniques introduce constraints that encourage more robust models, such
as weight decay, which penalizes large parameter values, and data augmentation, which increases the diversity
of training examples. Underfitting can be mitigated by increasing the model’s complexity, extending training,
or reducing regularization.
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Two widely adopted methods for controlling overfitting are early stopping and dropout. Early stopping uses
the validation set performance as an indicator and when its loss plateaus or starts to increase, it halts the
optimization process, preventing the model from fitting to noise. Dropout attempts to prevent co-adaptation
of features by deactivating a fraction of neurons at each step randomly. This way the model is encouraged
to learn more generalizable representations instead of focusing on specific features.

4.4 Deep Learning

As mentioned above, stacking multiple layers to create artificial neural networks allows capturing more
complex nonlinear relationships amongst the data. Deep Learning (DL) is a subset of machine learning that
is based on multi-layer networks to extract hierarchical representations from data. The layers between the
input and output layer are called hidden layers because they don’t interact with the environment. Deep
Learning models learn internal representations directly from raw input, without the need of handcrafted
features, enabling them to distinguish more complex and meaningful patterns.

These models include a variety of architectures optimized for different types of data and tasks. Multilayer
Perceptrons (MLPs) are fully connected networks where each neuron in one layer is connected to every other
neuron on the next layer, forming the foundation of deep learning. Convolutional Neural Networks (CNNs)
use convolutional filters to capture spatial hierarchies in data, making them best suited for grid-like inputs
such as images or power grids. Recurrent Neural Networks (RNNs) maintain internal state information, acting
like memory, to model sequential dependencies in data, while Transformer models use attention mechanisms
to capture long-range relationships in sequencies processing them whole, avoiding recurrence. Transformers
also contribute to Generative models.

Hidden Layers

Input Layer Output Layer

%éﬁ
A

Figure 4.4.1: Multi-Layer Perceptron, 2 hidden layers, 4 units each.

Generative models use sophisticated methods to generate new data based on the data they were trained
on. Other generative models are Generative Adversarial Networks (GANs) which consist of a generator that
produces synthetic data and a discriminator that evaluates it and Diffusion models, that apply random noise
on inputs and learn how to denoise that product and create new data.

Additional architectural implementations extend deep learning to more specialized data or tasks. Mamba
models, based on Selective State Space Models (SSMs), efficiently model long sequences by maintaining a
compact state representation, instead of relying on attention mechanisms, making them competitive alter-
natives to Transformers models for sequential tasks. Graph Neural Networks (GNNs) operate on data that
can be represented as graphs and capture the relationships between them by propagating or aggregating
information along the edges.
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Training deep networks means optimizing a large number of parameters, typically though gradient descent,
to minimize a loss function. Despite the flexibility and power of deep models this optimization comes with
high computational costs, multiple layers present issues such as vanishing or exploding gradients and to
make them more accurate large datasets are needed. To help mitigate those difficulties, techniques such as
normalization layers, residual connections and advanced optimizers are applied.

Through the combination of different architectures with large-scale data, deep learning has dominated a
wide range of applications. While this section introduces the architectures broadly, specific families such
as Recurrent Neural Networks (RNNs), Long Short-Term Memory models (LSTMs), Gated Recurrent Unit
models (GRUs) and Mamba models are discussed in detail in Chapter 4.

4.5 Tokenization, Embeddings and Feature Spaces

A central idea in machine learning is that raw data are not always suitable for learning, they might carry
excessive information including noise. To mitigate this issue, algorithms for transforming the data into feature
representations are used to produce structured numerical forms that capture the essential information. How
well a model learns and generalizes is largely determined by the quality of the training data available and
the way they are represented.

Before the surfacing of deep learning, feature extraction relied heavily on statistical and geometric techniques
that aspired to reduce the complexity of the data and increase interpretability without losing meaningful
information about them. One of the most widely used methods to reduce the dimensionality of the data is
Principal Component Analysis (PCA).
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Figure 4.5.1: Principal Component Analysis in two dimensions, using two principal components [28].

Principal Component Analysis is an adaptive algorithm that finds new uncorrelated variables to represent the
data, known as principal components, while retaining the variance of the original form. This not only makes
learning more efficient but also provides a way to visualize high dimensional data into lower dimensions while
helping reveal latent patterns that were indistinguishable before.

In contrast, Hierarchical Cluster Analysis (HCA) focuses on finding similarities between data points by
creating hierarchies of clusters using two general strategies. Agglomerative clustering starts by having one
cluster per data point and successively merges those clusters based on a distance metric or linkage criterion.
Eventually, the process is terminated when all data points are combined into one single cluster, or some
halting criterion is met. On the other hand, divisive clustering starts with one cluster for all the data points
and recursively splits them into smaller clusters, one at a time, using a criterion like maximizing the distance
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Figure 4.5.2: Principal Component Analysis in three dimensions, the colored arrows represent the new axis
of the principal components [28].

that separates them. This representation creates a tree-like formation that allows analyzing the data at
multiple levels of granularity, offering insights into the underlying structure of the dataset.

Agglomerative Devisive

1366050606

Figure 4.5.3: Hierarchical Clustering Dendogram.

These traditional methods laid the conceptual groundwork for the advent of modern representation learning.
While they relied on mathematical criteria, deep learning methods use the data directly to learn these
relationships. In modern neural models, the first step of this process is tokenization, where raw inputs, such
as text, images, sound, or symbolic music, are replaced with meaningful units called tokens. Each token is
then mapped to an embedding, a dense vector that represents the data numerically and carries information
about semantic and contextual relationships.

This transition, from algorithmically defined feature spaces to learned embeddings, marks a significant shift
in how models manage information. While methods such as principal component analysis and hierarchical
cluster analysis are adaptive in the sense that they respond to the input data, their structure is constrained
by fixed rules. As a result, these algorithms can only capture certain aspects of the data and miss complex,
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nonlinear relationships. Learned embeddings, produced through neural networks, are free to roam in a
continuous vector space, adapting their positions to capture semantic and contextual relationships is a task-
driven manner.

Despite their flexibility and effectiveness, learned embeddings are not without limitations, they can be com-
putationally demanding to train and store, they may overfit or inherit biases from the data making it difficult
to transfer effectively between domains. Nevertheless, they provide a way for neural networks to automati-
cally discover complex and task-specific patterns, creating rich features, a property desirable in applications
such as those explored in this thesis.
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Figure 4.5.4: The embedding learning process [29].
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Chapter 5

Deep Learning for Sequential Data

Music is fundamentally a temporal art form, the ordered succession of events, like notes, chords, and rhythmic
accents, creates its identity. In contrast with static data domains, sequential structure carries essential musical
knowledge. Concepts that rely on time dependent patterns like tension, resolution, and repetition are what
shape harmony, melody and rhythm. These structural characteristics are what make systems suited for
temporal modeling essential for a variety music information retrieval tasks.

The advent of deep learning models, capable of capturing temporal relationships directly from data, provided
a way to model long-term dependencies that earlier statistical methods failed to express. These models
can correlate events through time to make inferences by using memory mechanisms to maintain important
temporal context. To achieve that traditional models, like vanilla recurrent neural networks, incorporate
recurrence while some variants, such as long short-term memory networks and gated recurrent unit, employ
specialized gates for better performance.

More recently, attention-based and state-space models have expanded sequence modeling by providing
stronger long-range effectiveness. Transformer-based models replace recurrence with self-attention mech-
anisms, while Mamba integrates state-space dynamics with selective recurrence to maintain efficiency, both
achieving parallel processing the sequential elements. These architectures are suitable approaches for model-
ing extended musical sequences and temporally aligned multi-modal data.

The purpose of this chapter is to present the main deep learning architectures for sequential modeling.
Describing their mechanisms, limitations, and their utilization in music information retrieval tasks, provides
a better understanding of how such algorithms can model, analyze, and generate music by leveraging their
inherent sequential structure.
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5.1 Recurrent Neural Networks

Sequential data play an important role in multiple real-world domains, in many cases time is an essential
dimension that cannot be ignored correlating the data. Such cases range from natural language processing
and speech to financial series and music. Traditional feedforward networks treat inputs as independent
samples, completely ignoring temporal dependencies.

Early attempts to capture time, treated it as an extra variable and used spatial representations for it [3].
What these methods failed to account was that they expected a fixed length of inputs, they were also unable
to define how much buffering of the input was needed and at which point each sample should be examined but
most importantly they couldn’t distinguish the difference between absolute and relative temporal position.

Instead of treating time simply as a new dimension, capitalizing on the effect it has on data as they are
processed helped create some sense of memory. A simple Recurrent Neural Network architecture was intro-
duced [3] to formalize the idea of using temporal context as an input, addressing the challenge of modeling
sequences over time. What these networks did differently, from simple feedforward networks, was how they
treated the flow of information across the layers. A hidden state was proposed to carry information across
time steps, allowing the network to remember prior inputs and use them to generate future outputs.

This design enables recurrent neural networks to incorporate both short-term and long-term dependencies,
making them suitable for sequential analysis tasks in a wide range of applications [3].

5.1.1 Vanilla Recurrent Neural Networks

The basic form of Recurrent Neural Networks, often referred to as a vanilla version, consists of a hidden state
that is updated recurrently at each time step using a combination of the hidden state at the previous step
and the model’s input. Formally, the hidden state h; at a time step ¢ can be expressed as:

he = ¢(Waz + Wihi—1 + by) (5.1.1)

Where ¢ represents the nonlinear activation function, W, and W), are the weight matrices of the layer’s input
and the layer’s previous hidden state h(;_1) respectively and b; correspond to the bias vector. The output
at each time step is typically derived from the hidden state through an additional output transformation,
enabling the network to infer based on sequential information.

In the case of stacked recurrent layers, the hidden state of each lower layer acts as the input to the next
layer above. Consequently, each layer’s hidden state can be viewed as its output, while only the final layer
is usually connected to the final output of the network. This hierarchical structure works similarly with
multi-layer neural networks, allowing the higher layers to learn more abstract representations, in this case
temporal ones.

Figure 5.1.1: A recurrent neural unit and its unfold version [30].

Despite their conceptual simplicity, vanilla recurrent neural networks struggle to keep track of longer depen-
dencies. During training on long sequences with Backpropagation Through Time (BPTT), gradients often
vanish or explode. In a network with L layers, the gradient with respect to the activation layer 1 can be
expressed as:
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If the norm of each term aiii - is less than one, repeated multiplication causes the overall gradient to shrink

exponentially as it propagates backwards through layers eventually vanishing. On the other hand, if the norm
is greater than one the product grows uncontrollably producing the exploding gradient problem. Both effects
lead to ineffective training in deep networks, since they make the feedback to early layers either negligible or
unstable.

Recurrent neural networks can be viewed as deep networks unrolled over time, with one layer per time step.
Because all these temporal layers share the same parameters, the gradient instability problem becomes even
more noticeable and unavoidable as the sequences get longer, limiting them to short sequences [4].

5.1.2 Long Short-Term Memory Networks (LSTMs)

In search to surpass these limitations of the vanilla recurrent neural networks when faced with long sequences,
the Long Short-Term Memory (LSTM) network was introduced [5]. This alternate architecture extends the
standard recurrent neural networks by regulating the flow of information through a memory cell. To achieve
this, it uses gating mechanisms and allows the network to selectively retain or forget information across long
sequences. It splits the temporal information into a short-term part, the hidden state, and a long-term part,
the cell state. Through this structure the gradient propagation becomes more stable, and the vanishing
gradient problem gets mitigated.

Each long short-term memory cell is composed of three primary gates. The forget gate f;, determines what
fraction of the previous cell state c(,_1) should be preserved. The input gate i, controls the amount of new
information that will be absorbed by the cell state from the input x;. Lastly, the output gate o; decides
the amount of the cell state that is exposed for the new hidden state h; to be calculated. All gates use
a combination of the input z; the previous hidden state h;_1) and the previous cell state c;_1). These
operations, at each time step t, can be formalized as shown below:

ft:J(Wth'f‘Ufhtfl‘f'bf), 5.1.3
ii=o0 (WiXt + U;h;_1 + bz) R 5.1.4
Oy =

ét = tanh (WCXt + Ucht—l + bc) 5

(5.1.3)

(5.1.4)

o (Woxy +Ushy_1 +b,), (5.1.5)
(5.1.6)

c;=fOci 1 +is O, ( )
(5.1.8)

ht =0+ © tanh (Ct) .

Where o denotes the sigmoid activation function and tanh is the hyperbolic tangent activation function, ®
represents element-wise multiplication and by, b;, b,, b. are the biases of forget, input, output and cell gates
respectively. A common notation is also to represent the Wxz; + Uh(;_1) as a concatenation w’ [h(t—1), x4,
where W’ is a combined weight matrix that stacks the weights W and U together.

These gating mechanisms allow the long short-term memory networks to maintain a constant error flow
through the cell state ¢;. The gradient can propagate backward through many time steps without vanishing
or exploding because of the cell state update being a linear combination of its previous value and new
candidate information. This stabilizes the learning process over long sequences and gives long short-term
memory networks their advantage over vanilla recurrent neural networks. Even though they perform better,
long short-term memory models are also accompanied by their own limitations. They have expanded the
range on recurrent neural networks but are still underperforming on extremely long dependencies [32], [33].
They also require careful design choices, such as hidden size and learning rate selection, and are followed by
significant memory consumption and computational complexity [34].
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Figure 5.1.2: A Long Short-Term Memory unit [31].

5.1.3 Gated Recurrent Units (GRUs)

The Gated Recurrent Unit (GRU) [35] is a simplified variant of the long short-term memory cell with reduced
architectural complexity that still retains the ability to capture long-term dependencies. What changes in
the architecture is using a single gate, the update gate z; to perform what the forget and input gates did on
the long short-term memory cells and introducing the reset gate r; to control the amount of influence the
previous hidden state has to the candidate hidden state. By simplifying the model, the number of parameters
is reduced while essential long-range dependencies still get detected, making gated recurrent units faster to
train without significant loss of information.
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Figure 5.1.3: A Gated Recurrent Unit [36].

At each time step t, the gated recurrent unit updates its hidden state h; according to the following equations:

ze =0 (W,x; +U,h;_1 +b,), (5.1.9)
ri =0 (W,x; + U, h;_1 +b,), (5.1.10)
h; = tanh (W, x, + Uy, (ry, ©hy_1) + by), (5.1.11)
hy=(1-2)0h; +2z Oh,. (5.1.12)

Here, the update gate 2; balances how the previous hidden state h;;_;) and the candidate hidden state

h, influence the new hidden state, while the reset gate r; determines how much the previous hidden state
contributes to the candidate hidden state.
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Chapter 5. Deep Learning for Sequential Data

This gating mechanism enables the gated recurrent units to capture both short-term and long-term de-
pendencies with comparable performance to long short-term memory units while simplifying the recurrent
structure. Although their reduced complexity lowers computational and memory costs, allowing them to
train faster, certain limitations still apply. Their sequential nature does not permit parallelization, and they
can still struggle with extremely long dependencies and require careful tuning of hyperparameters like the
rest recurrent architectures to achieve optimal performance [6].

5.2 Transformer-based models

The Transformer architecture [37] takes a different approach than recurrent neural networks in sequence mod-
eling. It first eliminates recurrence, treating time as an extra dimension. While recurrent neural networks,
long short-term memory units and gated recurrent units relied on sequential processing to capture temporal
dependencies, with each time step depending on the previous hidden state, Transformers prioritize paral-
lelization. They rely on different methods to counterbalance the lack of recurrence like positional encoding
and self-attention mechanisms. These mechanisms try to combine positional information while embeddings
are created from the input data and keep track of how they form relationships regardless of distance.
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Figure 5.2.1: The transformer model architecture [37].

5.2.1 Positional Embeddings

Lacking the notion of sequence order, positional encodings are introduced to fill this gap in Transformer
architecture. Either by using fixed sinusoidal functions or allowing the algorithm to learn them itself, posi-
tional embeddings are added to the input embeddings to help carry temporal information in the absence of
recurrence.

5.2.2 Self-Attention Mechanism

The self-attention operation lies at the core of Transformer architecture. After the sequence is turned into
embeddings the model learns three distinct representations for each element. These representations are the
query (Q), the key (K) and value (V) vectors and they are derived simultaneously from the entire input
sequence, enabling the parallel computation of them, unlike recurrent models that must process the input
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5.2. Transformer-based models

sequentially. The attention mechanism computes how important each relationship of one element is with the
others. To do this, it computes the similarity of its query with all the keys of the input and after applying
softmax, for weight normalization, on them it combines the result with the corresponding values. This process
in formally defined as:

Attention(Q, K, V) = softma <QKT> A\ (5.2.1)
ntion(Q, K, V) = softmax 2.
Vd,

Where dy, is the dimension of the key vectors and is used to stabilize the gradients during training.

As an effect, context-aware representations are produced by combining the input features based on the
resulting attention weights. This mechanism escapes the step-by-step propagation constraints that limited
recurrent networks and enables the Transformer to capture dependencies over arbitrary distances, acquiring
global context.

5.2.3 Multi-Head Attention

To take it a step further, Transformers also employ multi-head-attention, using several attention mechanisms
in parallel. Each head learns to focus on different types of relationships, and their outputs are combined to
produce the final attention output. This design helps analyze the sequence context on different levels within
a single layer.

Concat

1

e A A
Linear Linear Linear

Figure 5.2.2: Multi-Head Attention: Several attention layers working in parallel [37].

5.2.4 Encoder-Decoder Architecture

The original Transformer model consists of two main components, an encoder and a decoder, each containing
a stack of identical layers. The encoder takes the input sequence and transforms it into continuous repre-
sentations that carry the contextual dependencies between elements. The decoder aims to create an output
sequence combining the information of the previously generated tokens and the outputs of the encoder. Every
encoder layer consists of two parts, the multi-head self-attention mechanism and a position wise feed-forward
network, while the decoder layer also has an extra encoder-decoder attention sub-layer to account for the
input from the encoder.

Additionally, each sub-layer is accompanied by residual connections and layer normalization to ensure stable
gradient flow resulting in an efficient deep learning process. Generalization techniques and optimization
methods are also applied.
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5.2.5 Position-Wise Feed-Forward Network

The feed-forward network (FFN) is used to apply nonlinear transformations to the elements of the sequence.
It uses the same parameters for every token, enabling once again parallelization maintaining computational
efficiency. It is commonly structured as two linear layers separated by a nonlinear activation function as
shown below:

FFN(x) = ¢(W1X + b1)W2 + b (5.2.2)

Feed-forward networks work cooperatively with the attention mechanisms by refining the representations
of each token individually, while the attention mechanism integrates contextual information across their
positions. This combination allows each layer to learn complex position-wise representations and at the same
time capture relationships between tokens.

5.2.6 Limitations

Despite their success, Transformers are faced with several limitations that surface when applied to real time
tasks and long sequences.

The problem lies in the quadratic computation and memory requirements, O(n?), with respect to input
sequence length of the model. This limitation occurs from the nature of the self-attention mechanism and
affects the performance of the model. In addition, the lack of recurrence, even though it is partially balanced
by the mechanisms capturing positional information, can lead to loss of information. Also, the advantage
of being highly parallelizable comes with its own drawbacks, such as the need for extensive computational
resources and large datasets for the training to be optimal.

Challenges such as these have motivated the exploration of less computationally demanding and less memory
hungry architectures. Briefly, such architectures include linear attention transformers, recurrent-attention
hybrids and state space models. These models attempt to absorb the modeling power of attention mechanisms
and combine it with the temporal advantages of recurrent architectures. A promising recent development is
the Mamba architecture, a state space model. Its aim is to offer the best of both worlds, the performance
of Transformers with the efficiency of the recurrent networks. To achieve that it allows a form of structured
recurrence without losing its parallelization advantages.

5.3 State-Space Models and Mamba

State-Space Models (SSMs), much like other recurrent networks, maintain a latent representation of the
system’s state at each given moment that evolves over, capturing temporal dependencies of sequential data
and influencing the outputs. Originally adapted by fields based on recurrence such as control theory, signal
processing and time series modeling, they recently entered the field of deep learning [38], [39], focused on
long sequences of data. More specifically, the recent Mama architecture builds on this framework aiming for
higher modeling capacity and improved efficiency.

5.3.1 Foundation State-Space Models

Like traditional recurrent architectures, the state-space models describe how the hidden internal state evolves
over time according to the previous one and the new input and how the output is affected by the new hidden
state and the new input. In their basic form these models rely on matrices A,B,C,D to update the information
stored and produce its output. The formal representation of the equations is shown below:

x¢ = Ax;—1 + Buy, (5.3.1)
y: = Cx; + Du,.

The main difference from the recurrent models is the extra layer that combines the latent state and the input
to derive the output instead of just using the hidden state and a fully connected network at the end. Here,
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5.3. State-Space Models and Mamba

the x; represents the latent state vector, u; the input vector and y; the output vector at time step t. In this
simplified description, it is important to note that the latent state is what captures the context of past inputs
removing the need for individual element attention.

D

=
D
e

X7

A

Figure 5.3.1: Representation of discrete time state-space model equations.

Concerning the deep learning sequence models, this formulation skips self-attention and relies on the latent
state to summarize the past and while also updating with each new input.

5.3.2 Modern Adaptation for Sequence Modeling

Most recently, state-space models have been effectively utilized in deep learning sequential tasks. A variant
of them, the S4 [38], is a structured state-space model that is based on a new parameterization of the state-
space model having increased computational efficiency compared to previous approaches, while preserving
their theoretical strengths.

In the discrete linear state-space model form, the output at time step t can also be expressed recursively by
unrolling 5.3.2 as follows:

t
y: =Y  CA'""Buy + Du (5.3.3)
k=0

The filter derived from this formulation can be represented in convolution notation using K =
{CB, CAB, ..., CAFB, } as a kernel:

y = Ku+Du (5.3.4)

The S4 model leverages this structure by parameterizing system matrix A to allow for efficient diagonalization,
making the computation of CA¥B elements both stable and parallelizable. This approach combines the
modeling of long-range dependencies with linear computational complexity relative to the sequence length,
as opposed to the quadratic cost associated with self-attention. As a result the S4 and its variants have
equipped the state-space models with the practical scalability required for modern deep learning applications
without losing their theoretical strengths, becoming a powerful tool in multiple domains that are based on
sequential information such as language, audio and time series.

Despite its strengths, the S4 model is bounded by limitations. Its structured parameterization, of A, intro-
duces stability and more efficient computation but may struggle when faced with complex or highly dynamic
sequences. Also, even though it operates on linear time, longer inputs present large memory requirements
resulting in a bottleneck. Finally, it tends to ignore local patterns and focuses more on global dependencies.
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5.3.3 The Mamba architecture

The Mamba architecture [39] was proposed as an advancement of the S4 to address such challenges without
losing the state-space character and its efficiency. It introduces a selective state-space mechanism, making
the state-space parameters functions of the input, enabling dynamic decisions based on the content of the
input and adapting to it. This procedure creates a result similar to the attention mechanism of Transformers
but avoids the quadratic cost. In addition, Mamba, like Transformer’s multi-head attention effect, exhibits
multi-scale behavior, focusing on varying temporal resolutions thanks to its selective mechanism, capturing
dependencies at variable ranges. Finally, its architecture allows it to scale linearly with sequence length,
maintaining constant memory per token and taking advantage of hardware-aware parallel methods to optimize
computations, effectively addressing memory bottlenecks.
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Figure 5.3.2: The mamba model architecture including selective memory allocation for efficient computing
[39].

Even though Mamba is an upgrade of the S4 model, trade-offs still exist. The selective mechanism complicates
each step’s process, and its multi-scale behavior makes the model more complex and harder to interpret.
It also relies heavily on hardware-aware implementations to optimize its performance, while its increased
flexibility can lead to inefficiencies with short sequences or tasks with limited data.

5.4 Architecture Comparison

To summarize, sequential models have evolved to handle both short and long-range dependencies while
maintaining computational efficiency. The vanilla recurrent neural networks introduce a hidden state that
updates recurrently with every input, but struggle on longer sequences because of the problems of vanishing
and exploding gradients. Architectures such as long short-term memory networks and gated recurrent units
incorporate gated mechanisms to mitigate these issues and improve stability and performance on moderately
long sequences, while still struggling with extremely longer ones. By being inherently sequential, these models
lose on training and inference by their inability to utilize parallelization techniques.

Transformers abandon recurrence in favor of parallelization and make up for it by introducing the self-
attention mechanism and embedding positional information into the representation of the data. They achieve
high performance capturing both local and global relationships while being flexible enough but their quadratic
complexity with respect to sequence length marks them as memory hungry and less efficient when faced with
very long sequences.

Mamba architecture represents the state-of-art approach of state-space models, combining the efficiency of
recurrent methods with the parallelizable aspect of transformers. Its selective state-space mechanism allows
it to capture information about the input content dynamically while also focusing both on short and long-
term dependencies. Long sequences do not pose much of a restriction as Mamba models scale linearly with
sequence length. On the other hand, it might underperform to shorter sequences because the large number
of parameters per token can lead to overfitting and the overhead added by the gating mechanisms can stall
performance. In this case simpler models like long short-term memory networks and gated recurrent units
may be more efficient.
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5.5 Related Work

The development of deep learning models for music information retrieval purposes has seen significant progress
in recent years as sequence modeling architectures become more capable of capturing long-term temporal
dependencies in music. From more traditional recurrent models to attention-based ones and state space
models, this section provides some examples of their usage in music information retrieval tasks.

Important studies in the area of music generations based on recurrent networks. It was demonstrated by
Eck and Schmidhuber in [40] how long short-term memory systems can learn temporal dependencies in
blues music compositions and generate analogous coherent musical progressions. They showed that once the
network found the relevant structure it stuck to it without drifting away. In [41], Garoufis et al. proposed
a long short-term memory network that utilized neural attention mechanisms to learn mappings between
symbolic representations of polyphonic chord progressions and future chord candidates.

Gated recurrent unit architectures have also been applied to music information retrieval tasks. As explained
by Han et al. in [42], a combination of a residual convolutional neural network and a gated recurrent unit
was used as a basis for music emotion recognition. This hybrid architecture shows how recurrent networks
can be efficiently implemented for modeling sequential features, while preserving local feature correlations.

With the upcoming of attention mechanisms, Transformer models were also introduced in sequence modeling
for music information retrieval tasks. As shown in [43] by Huang et al., these architectures were incorporated
to create a music Transformer capable of creating minute-long compositions with compelling structure by
leveraging relative attention mechanisms. An extension of this approach was developed in [44] by Huang
and Yang with the pop music transformer, which makes use of beat-based event representations to model
rhythmic structure in piano compositions taking music generation a step further.

At the same time, the use of state space models for sequence modeling has proven to be efficient in capturing
long-term dependencies in music while maintaining computational efficiency. A state space model was pre-
sented in [45] by Krebs et al. for joint tempo and meter tracking. Approaching tempo estimation as a dynamic
state space problem lead to accurately modeling hierarchical rhythmic structure and reduced computational
complexity. More recently, Tang et al. developed a Mamba based architecture for music-guided dance video
synthesis [46]. The model integrates Mamba blocks as a way to capture both spatial dependencies between
joints and long-range temporal dependencies. This enables the generation of coherent dance sequences fol-
lowing the flow of a specific musical piece, uncovering a new path in multi-modal music information retrieval
tasks, by modeling complex musical sequences beyond symbolic and audio representations.

Other, multi-modal approaches in this field have also adapted deep sequence models to process multiple
information sources. In [47], Pyrovolakis et al. used transformer-based models alongside long short-term
memory networks. They examined the difference in inference between using audio signals and lyrics separately
as inputs or using them both for a multi-modal analysis. The results proved that multi-modal representations
outperform single-modality models.

Sequence modeling has become a central piece across a variety of music information retrieval tasks. From
chord prediction and emotion recognition to expressive music generation, sequential models have demon-
strated how temporal and contextual dependencies are crucial to music information retrieval systems.
Whether through recurrent mechanisms, attention-based methods, or state-space architectures, the abil-
ity to model sequential relationships allows systems to capture the complex structures in music, making
these models essential for modern music information retrieval tasks.
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Chapter 6

Latent Distance Models

Social networks are complex systems in which entities, represented by nodes, are connected with edges, much
like a graph, whose purpose is to be descriptive of the nature of their interactions. These networks are appli-
cable in various domains, from modeling human relationships, like friendships or professional collaborations,
to representing biological interactions and information flow. Analyzing these networks gives essential insight
into their structure, dynamics, and the significant principles that surround them. Traditional network models
often rely on explicitly described relational features or simple observed covariates. However, many real-world
paradigms exhibit revealing patterns indirectly. For example, in social networks that embed human friend-
ships, individuals may form connections based on latent characteristics, them being personality traits, shared
interests or unnoticed social contexts.

Latent Distance Models (LDMs) provide a structured approach to reveal the hidden patterns on which
connections are established. These models assume that a network can be represented in a latent space,
typically Euclidean, with each node occupying a position on it [7], [10]. Instead of explicit connections
between two nodes, their distance in the latent space determines the probability of them being related.
Nodes closer together in this space are more likely to form an edge than those further apart. Latent distance
models provide a geometric perspective that combines interpretability and flexibility while also capturing
complex network structures like transitivity, clustering, and homophily without the need for manual feature
selection for each structural pattern.

Aside from social networks, latent distance models can be adapted to model different kinds of relationships
that could be conceptualized in the form of a network. Musical elements such as chords, motifs, or n-grams
can be represented as nodes in a relational network, with edges absorbing information about co-occurrence
or transition likelihoods. By embedding such elements in a latent space, implicit similarities between musical
events may surface that are not visible from a shallow level analysis. While initial attempts applied to n-gram
based chord progressions haven’t shown strong predictive performance, this framework still offers valuable
insights about the structural and relational patterns inherent in musical compositions.

In the following sections, the theory and methodology of latent distance models will be presented, alongside
their extensions and generalizations. Also, inference and estimation strategies will be discussed as well as
potential applications in the domain of music. A thorough understanding of these models provides insights
as to why more complex sequence models are needed but also highlights their interpretive power.
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6.1. Preliminaries

6.1 Preliminaries

Latent distance models, like many probabilistic models, rely on statistical methods for parameter and latent
variable estimation. Methods mentioned in this chapter are the statistical ones explained below.

6.1.1 Logistic Regression

Logistic regression models are statistical models for binary outcomes. They define how features x influence
the outcome of an event y using the logistic function:

1

(6.1.1)

With 8 being the model’s parameters. The log-odds of the event are linear with respect to the features:

Priy=1]2)\ _ -
log (Pr(y —0 x)) =z (6.1.2)

In latent distance models, this function determines edge existence probability based on distances in the latent
space.

6.1.2 Maximum Likelihood Estimation (MLE)

Maximum likelihood estimation is a parameter estimation method that decides based on which parameter
values maximize the likelihood of the observed data:

OnLe = arg max L(6; data) (6.1.3)

Where L(6;data) = Pr(data | 6).

In latent distance models, maximum likelihood estimation can estimate latent position z; and parameters
like 8 that make the observed network most likely to have occurred under the model.

6.1.3 Bayesian Methods

Bayesian inference treats parameters as random variables that have prior distributions p(¥) and uses the
observed data to form the posterior distribution:

Pr(6 | data) < Pr(data | §) Pr(9) (6.1.4)

Where Pr(data | 0) is the likelihood of the data based on the parameters 6.

In contrast with maximum likelihood estimation, which specifies the parameter values, Bayesian methods
provide a distribution over the parameters.

6.1.4 Markov Chain Monte Carlo (MCMC)

Markov Chain Monte Carlo is a computational method for sampling from a complex probability distribution,
such as the posterior Bayesian models. It constructs a sequence of dependent samples approximating the
target distribution over time.
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6.2 The Latent Distance Model (LDM)

Latent Distance Models represent networks by mapping each node ¢ to vector z; in a latent Euclidean space
of dimension d, z; € R?. The idea behind this model is that the distance separating two nodes reflects the
probability of an edge existing between them. Nodes closer together are more probable to share a connection
than those further apart.

For the undirected version of this model the probability of an edge between nodes i and j is modeled using a
logistic link function [7]:

1
Pr(Y;; =1]2;,25,0) = P P (6.2.1)

Or in logit form:

logit Pr(Yiy =11 2,2, 8) = 8 — [l — 2] (6.2:2)

Above, Y; ; is the adjacency matrix, Y; ; = 1 indicates edge existence and Y; ; = 0 the opposite, |z; — z;]|
denotes the Fuclidean distance between nodes i and j and (3 is the global parameter that controls how dense
the latent space gets. Smaller 8 values decrease the probability of an edge for a given distance, while larger
ones increase it, effectively shifting the logistic curve and indirectly constraining the geometry so the model
can fit to the data.

Proximity in the latent space hints at conceptually of functionally similar nodes. This structure allows
network properties such as transitivity, clustering and homophily to be expressed and captured by the model,
with no need for explicit feature encoding. Directed networks can also be implemented by assigning separate
latent vectors for sending and receiving nodes, modifying the distance term to accommodate edge direction.

Figure 6.2.1: Latent Distance Model representation (a) using maximum likelihood estimation, (b) using
Bayesian methods [7].

The parameters of the model, the latent positions z; and 3, are inferred from the observed adjacency matrix
using statistical inference methods. Maximum likelihood estimation gives a single configuration that maxi-
mizes the likelihood of the observed network, while Bayesian inference, combined with Markov Chain Monte
Carlo sampling, generates a distribution over the latent positions and parameters, inserting uncertainty to
the model making it more flexible.

72



6.3. Variants and Extensions

6.3 Variants and Extensions

Although the basic latent distance model provides a simple and interpretable way to represent relational
data, several extensions exist. Variants include those that incorporate community structure by clustering
latent positions [8], or those that allow temporal dynamics that account for time as a variable that influences
relationships [9]. While time passes some relationships might emerge while others might fade. Other models
adapt covariates to account for additional node or edge features that are observed, effectively improving
predictive accuracy [10]. Alternative geometries have also been explored in place of the Euclidean space,
such as hyperbolic or spherical latent spaces, allowing for better representation of scale-free or hierarchical
networks [11].

6.4 Limitations

Latent Distance Models provide a flexible and interpretable framework for representing relational data by em-
bedding nodes in a latent space. The distances between the latent positions determine the edge probabilities
and allow the model to capture structural patterns.

Despite their strengths, their predictive performance is limited for sequence modeling. Defining nodes and
edges, from representations that do not form them naturally, requires manual choices. They are also sensitive
to latent space dimensionality, while the scaling parameter 8 can strongly influence results. In spite of these
difficulties, latent distance models can offer valuable insights and provide a conceptual foundation, motivating
the adoption of more well-suited sequence models.
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Chapter 7

Proposal

7.1 Motivation and Research Objectives

The previous chapters have established the theoretical and computational foundations for sequence modeling,
and the role of deep learning architectures and latent-space representations. Concerning musical applications,
despite the rapid progress in the field of music information retrieval, most recent approaches are centered
around more complex architectures, like transformer-based ones, that are accompanied by high computational
costs and are presented like black boxes, providing little interpretation of their inference. Furthermore,
approaches based on symbolic representations typically treat musical pieces and their chord progressions at
the level of entire pieces, neglecting the internal part structure and compositional context that may shift
across song sections.

This thesis revisits these challenges from a different perspective by taking advantage of simpler, more inter-
pretable sequence models trained on a large-scale symbolic dataset of chord progressions, the Chordonomicon.
A primary motivation is to investigate whether lightweight architectures, parameter wise and computation-
ally wise, such as recurrent neural networks and state-space models can achieve competitive performance on
symbolic music information retrieval tasks. At the same time, this study focuses on interpretability through
analysis of the dataset and the use of latent distance models.

A key component of this study is leveraging the inherent structure of chords. In addition to their complete
form, decomposing chords into their constituent parts, root, quality and bass, allows models to capture har-
monic relationships separately between components, allowing for finer-grained analysis and explainability.
Additionally, predictive inferences are made at the level of individual parts rather than entire songs, incorpo-
rating into the analysis the way the musical context changes across different sections of a composition. This
part-based approach addresses a gap in the literature, as most prior work ignores the internal segmentations
of musical pieces, assuming the context remains the same across them.

In the initial stage of this thesis, statistical methods based on n-grams are applied, providing statistically
interpretable perspectives on musical structure in combination with latent distance models. By creating a
latent space in which distances correspond to n-gram similarity, according to specific design criteria, the
latent distance models lay out a way to uncover potentially musically meaningful patterns for predictive
tasks such as genre and decade classification. Following this, experiments employing sequential models based
on recurrence are conducted for the chord prediction task, utilizing decomposed chord representations and
part-level contextual information.

Guided by these motivations, the main objectives of this thesis are as follows:

e Perform a statistical analysis of the large-scale symbolic dataset to identify evidence of musically mean-
ingful structure.

e Apply interpretable models, such as latent distance models, to uncover harmonic and stylistic relation-
ships based on n-grams statistics.
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e Evaluate lightweight architectures, including recurrent and state-space models, on symbolic music in-
formation retrieval tasks.

e Explore decomposed chord representations, root, quality+extensions, bass, and part-level segmentation
to assess their impact on predictive tasks.

e Compare results across modeling options, integrating findings from statistical, recurrent, and state-
space approaches.

7.2 Overview of Proposed Framework

The experiments conducted in this thesis are split into two complementary methodological pipelines both
sourcing their data from the Chordonomicon dataset, a large-scale collection of symbolic chord progressions
supplemented with meta-data about part, genre, and decade. All analyses rely exclusively on symbolic
representations to extract structural and harmonic properties rather than other modalities such as audio
features.

Statistical and Latent-Space modeling for Classification

The first pipeline investigates interpretable representations of musical structure. Based on n-grams, statistical
methods are employed to capture local harmonic dependencies, creating a foundation for further analysis of
regularities found in the data. Latent distance models are used to embed chord progressions into a continuous
latent space, where distances encode similarities between n-grams, enabling the identification of important
patterns that carry information about musical structure, supporting tasks like genre and decade classification.

To prevent the combinatorial explosion following the unique n-grams, atonal representation for the latent
distance approach is chosen. In this representation, each chord is abstracted, retaining only its root part
and encoding it as a pitch-class number (0-11). This simplifies the representations while also preserving
essential harmonic information. Furthermore, as a baseline to measure the performance of the latent distance
representations on classification tasks, lightweight recurrent architectures are applied, allowing comparison
between interpretable mappings and sequential learning.

Sequential Modeling for Chord Prediction

The second pipeline 7.2.1 is focused on predictive modeling of chord progressions. The task of chord prediction
is explored through a variety of sequential architectures, including vanilla recurrent neural networks, long
short-term memory networks, gated recurrent unit networks and mamba models. These models are employed
to learn temporal dependencies and harmonic relationships in chord progressions. In contrast with the
classification pipeline, this approach implements no abstractions and relies on full chord information, either
by representing each chord as a single token or in a decomposed form by using three tokens that represent
root, quality and bass.

Predictions are performed at the part level, enabling analysis of how musical context varies across song
sections. This approach addresses a gap in prior work, where chord prediction is typically applied at the whole-
song level, ignoring the contextual changes between parts. The combination of the part-level segmentation and
chord decomposition representations aims to uncover musically meaningful patterns in harmonic sequences
and improve predictive performance.

Overall Perspective

Together these two pipelines provide complementary perspectives. The statistical and latent space model-
based pipeline focuses on exploring the dataset and its structure to provide insights into the relationship
between the data. The sequential modeling pipeline dives into the predictive dimension and investigates
chords sequences and how treating each chord and song as a construct composed of smaller pieces influences
the modeling of harmonic sequences.
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7.2. Overview of Proposed Framework
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Figure 7.2.1: The two pipelines for the chord prediction models, (a) the one token per chord approach and
(b) the one token per chord component approach (3-tokens).
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Chapter 7. Proposal

By integrating these methods, this thesis seeks to balance explainable symbolic analysis with data-driven
predictive modeling, demonstrating that computationally efficient and interpretable approaches can provide
meaningful insights into the structure of tonal music. These conceptual frameworks provide the foundation
for the analyses, experiments and results presented in the following chapters.
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Chapter 8

Dataset and Analysis

Chord progressions constitute the essence of a piece of music, serving as the framework through which mu-
sicians create harmonic flow and coherence within their pieces. In recent years, Music Information Retrieval
(MIR) has been a rapidly evolving field, with the goal to extract important information from music data and
given their central role, analyzing music through chord progressions has become a key focus.

A crucial factor for advancing such analysis is the availability of well-structured datasets. While the de-
velopment of such datasets has been rapid in other fields, music datasets have evolved more slowly due to
a combination of challenges. Strict copyright laws, unavailability of audio sources, distribution shifts and
the inherent ambiguity of music in its representation and labeling are some of the problems that present an
obstacle to creating such datasets.

One promising resource, addressing these challenges, is the Chordonomicon dataset, which constitutes the
largest collection of chord progressions to date. The dataset uses the standardized Harte Syntax for symbolic
representation, ensuring consistency and compatibility in music analysis. Its extensive metadata further
enhances its value, offering insights into aspects like genre, sub-genre, release dates and part segmentation
info.
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Chapter 8. Dataset and Analysis

8.1 Dataset Overview

The Chordonomicon dataset is a collection of more than 666,000 annotations (approximately 679,000) of
different songs paired with metadata. The chord progressions data were extracted from the Ultimate Guitar
(UG) platform, where users contribute and rate chord transcription. In case of multiple submissions for a
song, a weighted average of the user ratings and vote counts is calculated to determine the best version of a
track that is also the one retained.

After extraction, a normalization procedure is applied to the corpus, essential for addressing its heterogeneous
nature because of the user-entered annotations. Songs with less than four chords or bizarre chord encodings
are filtered out and identical repeating chords in entries are collapsed into one (A G G A— A G A). The last
step ensures that the sequences reflect harmonic transitions rather than temporal repetitions. The product
of this process is also curated by music experts, and by retaining only the chord progressions with high
confidence, it is accurately converted into Harte syntax [12] and the syntax proposed by the Functional
Harmony Ontology [13], ensuring musically meaningful and understandable representations of progressions.

Alongside the chord progressions, the dataset provides structural part labels corresponding to eight distinct
categories: Intro, Verse, Chorus, Bridge, Interlude, Solo, Instrumental and Outro. The labeling splits songs
into segments and aligns with previous works described in the Chordonomicon paper [14] on similar music
information retrieval tasks. In case of chord progressions with unclassifiable parts, the labels from the whole
song are ignored while the progressions are maintained.

The dataset is further enriched with metadata obtained with the usage of the Spotify Web Application
Programming Interface (API). The metadata was collected after mapping entries based on track and artist
names with the corresponding Spotify data, to ensure correctness. Each song, when data is available, is
accompanied by release date, encoded as decade, main genre of the artist, and a subgenre of the track, and
the Spotify identifiers of the song and the artists. The main genres consist of the twelve most common ones,
that also cover other subgenres. Tracks whose artist’s main genre isn’t included in the top twelve do not have
one assigned to them. Considering the different decades in the dataset they range from 1890s to 2020s.

Despite the large size of the dataset and the importance and variety of the information it provides, some
limitations remain. Also mentioned in the Chordonomicon paper [14], source bias and noise from the user’s
annotations follows the data and some abstractions or errors may remain even after careful curation. An-
other problem lies in the imbalance of the data with respect to genre and the absence of some metadata.
Nonetheless, the dataset provides extensive metadata and structural annotations while at the same time its
size helps mitigate occurring inconsistencies.

8.2 Feature Extraction

The Chordonomicon is accompanied by an initial Exploratory Data Analysis (EDA), conducted by the
creators (Kantarelis et al.) [14] to provide an overview of chord distribution and structural properties.
Building on this foundation we conducted our own exploratory data analysis to extract some key features
from the dataset and to provide more insights into its structure and the relationships between the data.
To better understand the dataset, we converted the chord sequences from the Chordonomicon into several
feature formats, each designed for a specific type of analysis.

Structural Song Features

At the song level, metadata about genre, decade of release and artist identifiers, were used to record distri-
butions of songs and artists across categories. Considering the part-level, we extracted structural measures
such as the number of parts per song and part sizes overall and with respect to genre and decade. These
features do not depend on chord identity but support structural analyses.

Decomposition Features

The syntax of the dataset allows for easy decomposition of each chord to its canonical components, root,
quality, extensions and bass note. This representation enables analysis of harmonic complexity and stylistic
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8.3. Descriptive analysis

usage by focusing separately on each part of a chord. Such analysis involves how qualities, extensions and
bass are used across different genres and decades providing insights into stylistic and harmonical decisions
on musical composition. Additionally, root information can be leveraged to study harmonical flow through
root motions in semitones. Each root is represented by a number based on its position on the chromatic
scale (0-11). By turning each root into its atonal representation, information about absolute key is ignored
to focus on relative harmonic context and root-to-root relationships.

Full chord Features

For harmonic vocabulary analysis, each chord is retained in full form, except that explicit bass (inversion)
information was omitted to focus on chord-type diversity rather than voicing choices. Statistics about the
number of unique chords per decade and genre are gathered along with the most common bigrams and
trigrams across all songs. Here the part structure is also taken into consideration by also considering n-grams
that are split between part boundaries. For cross-part statistics we explicitly record n-grams whose last chord
is also the first chord of the following part, enabling the study of patterns between song sections.

The latent distance model approach incorporates atonal root representations for each chord, to avoid the
combinatorial complexity of n-grams as n grows. The modeling focused on n-grams of length 4,5 and 6,
that were extracted from the dataset. To reduce category bias, the n-grams were sampled from songs after
balancing the dataset with respect to genre and decade. Fach n-gram was treated as a graph node, with
edges defined via nearest neighbors in feature space. The resulting graphs formed the inputs for the latent
distance models, producing latent positions in a 2-dimensional space. This process is described thoroughly
in section 8.4.

8.3 Descriptive analysis

Building on the feature extraction described above, in this section we present the results of our Exploratory
Data Analysis (EDA) on the Chordonomicon dataset. The analysis focuses on both static and dynamic
features of the datasets, providing insights into structural properties and sequential features.

Structural properties provide information on the organization of songs and parts, as well as the harmonic
vocabulary, including chord qualities, extensions, and unique chord usage. In addition, sequential features
capture harmonic movement and relationships between neighboring elements, including root-motion intervals
and common n-gram patterns. These analyses are focused on the trends, stylistic differences and distributions
across genres and decades while also taking into consideration how these patterns change around part borders.
They form the foundation for latent modeling and the different approaches in music information retrieval
tasks presented in 8.4 and 9.

8.3.1 Structural Features

We begin with an overview of the dataset’s quantitative characteristics and metadata coverage, shown in
Table 8.1, in order to better understand its scope and composition. The dataset contains over 679,000 musical
pieces collectively having close to 52 million chords. Its harmonic vocabulary consists of 749 chords and 3,577
inverted forms of those. Around, 397,000 of the included tracks are also accompanied by information about
their structural segmentation (how they are split into parts), resulting in over 2.6 million individual parts.
Moreover, considering additive annotations of metadata, the linkage with Spotify data is largely complete,
having genre, release date, song and artist identifiers available for the majority of the tracks.
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Chapter 8. Dataset and Analysis

Table 8.1: Summary Statistics of the Dataset [14].

Description Count
No. of Tracks 679,807
No. of Chords 51,994,634
No. of Unique Chords 749
No. of Unique Inverted Chords 3,577
No. of Tracks with Parts 397,580
No. of Parts 2,670,457
No. of Tracks with Release Date 422181
No. of Tracks with Spotify Genres 429,753
No. of Tracks with Main Genre 352,111

No. of Tracks with Spotify Track ID 440,284
No. of Tracks with Spotify Artist ID 510,986

Following this overview, we examine the distributions of songs and artists across the twelve main genre
categories. Histograms illustrating the numbers of unique songs, artists and the ratio between them are
presented in Figure 8.3.1. The distributions of songs per genre is noticeably unbalanced, having genres
such as Pop, Rock, Alternative, Country and Pop-Rock collectively accounting for the majority of songs
assigned with a main genre. Similarly, the distribution of artists per genre is skewed, with the same genres
of attributing more than two- thirds of all unique artists. It is important to note that these two distributions
are not directly analogues. The songs-per-artist ratio reflects the relative representation of artists within
each genre in the dataset. For instance, Pop-Rock artists contribute close to twenty songs on average, while
Country and Rock artists average more than ten per artist. Most other genres average around six songs per
artist, with Rap and Electronic exhibiting even lower values.
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Figure 8.3.1: Song and Artist Distribution by Genre and Average Song number per Artist.

To complement the above statistics, Figure 8.3.2 shows the distribution of tracks and artists per decade.
Each distribution is split into two parts because of the disproportional representation of songs and artists
in the earlier decades compared to the more recent ones. The distribution of songs per decade has the first
plot show decades with less than 1,000 songs, while the first plot for the distribution of artists per decade
shows those decades with less than 100 artists representing them. The second plots, in both distributions,
show the decades that surpass these thresholds. This separation allows both sparse and dense periods to be
visualized clearly. Most songs and artists in the dataset are from the 2010s, followed by the 2000s and 2020s,
collectively including the majority of the entries. The least represented decades are those prior to the 1950s,
with the 1910s and 1900s being the most sparse. Unlike the genre-level distributions, the songs-per-decade
and artists-per-decade distributions are largely proportional, with the 2020s being a notable exception due
to fewer recorded tracks despite a moderate number of contributing artists.

Continuing the analysis about relationships between the sampled songs across genres and decades, in Figure
8.3.3, the songs that have both a main genre and a release date are used to present the distributions of each
genre across decades. In agreement with the songs-per-decade distribution, the majority of songs in each
genre belongs to the 2010s, with the 2000s being a close second in genres such as Country, Jazz, Metal,
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Figure 8.3.2: Distribution of songs and artists over the decades.

Pop-Rock, Punk, Reggae and Rock, while having less representation in the rest. Furthermore, most genres
have little representation in decades prior the 1990s, with notable exceptions being Country, Jazz, Pop-Rock,
Reggae and Rock where the representation accumulated in those decades is comparable with the rest.

Moving on from metadata about entire song entries, Figure 8.3.4 showcases distributions based on structural
parts, sourced from entries of the dataset that include part information. The first plot shows the distribution
of number of parts per song, resembling a normal distribution centered around 7, with the number of songs
decreasing exponentially as parts increase, eventually becoming insignificant beyond 15 parts.

The second and third plots showcase the average number of parts in a song with respect to genres and
decades. In both plots most of the averages span between 6 and 8 parts in a song, with Metal averaging a
bit higher and Rap having the lowest average amongst the genres, while the 1890s average surpassing the 8
parts mark followed by the 1980s averaging around 7 parts per song.

Exploring one layer deeper, Figure 8.3.5 illustrates the distribution of part sizes measured in chords. Part
sizes greater than 50 were excluded because of their negligible frequencies. In the first plot the overall
distribution peaks around 8 chords per part, while also local peaks can be seen at lengths 4, 6, 12 and 16 and
some smaller ones on 20 and 24. It is important to note that many of these local peaks occur in multiples of
4.

Part sizes across genres and decades can be observed in the second and third plots. The average part size
spans between 12 and 14 for both plots. In the genres plot what is notable is the average in part size of Rap
emerges higher than the rest even if the difference is negligible while previously Rap showed the smallest
average number of parts per song. Considering the part size distribution across decades, the 1900s present
an exception having an average higher than 16 chords per part while 1950 has the smallest value around 11
chords per part.

Following the previous plots, Figure 8.3.6 presents additional distributions about part types and the average
lengths by type. In the first plot, where the distribution of part types is shown, it is evident that Verses
and Choruses vastly outnumber the rest of the part types, while the second place is filled by Intros, Bridges
and Outros followed by Instrumentals, Interludes and Solos having less than 100,000 appearances each. The
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Distribution of Genres Across Decades
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Figure 8.3.3: Distribution of genres across decades.
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second plot displays average part length per type. The averages span between 6 and 14 chords, with Choruses
and verses averaging more than 12 and intros being the shortest averaging around 6 chords per occurrence.
The two distributions seem to have the part types in the same order, with the exception of Intros that were
moved to last.
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Figure 8.3.6: Comparison of chord structure statistics: (a) part-size distribution and (b) average length by
section type.

The next step in this analysis is to go into the chord level. In Figure 8.3.7 the distribution of unique
chords per song is exhibited across genres and decades. Across genres it is noticeable that Jazz and Soul
exhibit the highest averages of unique chords and standard deviation per song, while the rest are split into
two groups: the ones with averages above 6 unique chords and standard deviation close to the top ones,
them being Metal, Pop, Pop-Rock and Rock, and those with averages below 6 unique chords small standard
deviation, meaning Alternative, Country, Electronic, Punk, Rap and Reggae. Across decades, both averages
and standard deviations are close together spiking during 1920s and overall decreasing towards the 2020s
with not that many notable changes. As to the decades prior to the 1920s, they show smaller values, both of
the averages and the standard deviations, compared with the rest.
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Figure 8.3.7: Average usage of unique chord per genre and decade.

Further chord information is shown in Figure 8.3.8, where the most frequent chords are presented alongside
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their appearance percentages. It is evident that these chords, simple in their form, dominate the dataset,
with no extensions or inversions using the most common qualities major (G, C, D, A, F, E) and minor (Amin,
Emin, Bmin). Together, these top 9 choices account for two-thirds of the overall chord usage.

Chords Distribution

G

Others

31.5%

Bmin

Emin

F Amin

Figure 8.3.8: Distribution of chord usage [14].

Moving forward, the analyses focuses on the components of the chords, them being the qualities, extensions
and the inversions. Starting with the qualities, their distribution is presented in Figure 8.3.9. The top part
of the figure shows the distribution of qualities over the different genres and decades. It is clear that the
majority consists of major chords, with minor chords being the second most prominent quality type and
together they constitute over 90% across all categories. The ratio of Major and Minor types changes a small
amount across genres, while it seems that minor chords are covering more space moving from 1920s to 2020s.
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Figure 8.3.9: Distribution of (a) all qualities and (b) outlier gialities, across genres and decades.

To investigate the outliers, their distributions are shown in the bottom part of Figure 8.3.9. As can be seen
in these plots, in most genres these irregular qualities do not even exceed 5%, exceptions are Metal, Punk
and Rock, where power chords are the most dominant. Power chords seem to dominate in half the genres,
while the other half either feature more Suspensions or show an equal number of both. The Augmented and
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Diminished qualities appear in an insignificant amount besides the genres of Jazz and Soul, where Diminished
chords have comparable proportions to the Power and Suspended chords. As for the distributions across the
decades, Diminished chords seem to be more popular prior to the 1960s, with Power and Suspended ones
taking charge after that period.

Subsequently, we consider the inversion occurrences in the dataset. As presented in the top part of Figure
8.3.10, the distribution of inversion choices remains consistent across genres and decades, with B, F'# and
G being picked slightly more as the bass notes. Some inconsistencies appear in the distributions over the
decades prior to the 1920s, showing complete dominance of specific notes on bass, such as E during the 1910s,
B during the 1890s and a gap in the 1900s.

The bottom part of Figure 8.3.10, shows the percentages of inversion usage over the categories. Across genres
the percentages do not seem far off with the top ones being Jazz, Rock and Soul around 3.5%, while the
lowest percentages correspond to Punk and Reggae roughly at 1%. Over the decades it is evident that a local
peak appears around the 1970s, decreasing slightly towards recent times, while percentages in earlier decades
also appear low, besides the 1910s where they skyrocket to 14% and the 1920s and 1930s that have similar
inversion representations as the 1970s.
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Figure 8.3.10: Distribution of (a) inversion choices and (b) inversion existence percentages, across genres
and decades.

Finally, extensions distributions are displayed in Figure 8.3.11. In both plots it can be seen that the most
common extension is adding the 7th note to the chord, with a considerable gap to adding the 9th, that falls
into second place for the majority of categories, while it also seems that 13th is a more popular choice than
11th. The most notable observations are that Jazz and Soul seem to utilize extensions more than the rest
of the genres, while Metal and Punk use them the least. Considering the decades, extension usage seems to
peak around the 1920s, having lower percentages prior, and gradually decrease as we approach recent times.

8.3.2 Sequential Features

In this section, we present the statistics that resulted from the analysis focused on local dependencies in
chord progressions, meaning bigrams and trigrams, ngrams of higher order, specifically 4,5 and 6-grams, are
used in 8.4.

Firstly, in Figure 8.3.12 we present the distribution of root note motions between chords transitions. In
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Figure 8.3.11: Distributions of extensions across genres and decades.

both plots, one describing motions across genres and the second one across decades, it can be observed that
there is a preference in motions of 5 semitones, followed by motions by 2 semitones, with the first almost
being twice the percentage of the second. Motions of 3 and 4 semitones seem to be equally picked while the
rest reside lower, with motions of 6 semitones being the most rare and almost being infinitesimal. Another
notable observation is that the preference between moving up or down in semitones appears to be minimal
across categories with the highest difference being around 2% for the motion of 2 semitones.
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Figure 8.3.12: Root motions measured by semitones across genres and decades.

0

Proceeding with sequential analysis, we collected the most common bigrams and trigrams focusing on tracks
with valid part labels. The top 20 most common ones are displayed in Figure 8.3.13, where for each n-gram
two columns are presented, the first has the most common n-grams overall and the second the most common
ones between part transitions. Those between transitions have the last chord of the n-gram belonging to the
next part of the song as a way to measure how the context changes between parts. It is evident in both
tables that the distribution of the top frequencies loses its structure when compared to the frequencies across
parts. The most common bigram C-G moves from first place to third while other bigrams are reaching the
top spots such as EF-A moving from being 13th to 7th place. This change in distributions can be clearly seen
in trigrams, where the first place (G-C-G)is taken over by the 11th (D-G-C) one when switching from overall
to across parts, with the previous last place becoming 4th, while a good amount of the top 20 trigrams overall
do not make the top 20 between part boundaries.

To investigate even further, in Figures 8.3.14 and 8.3.15 we present the 10 most common chords and bigrams
and the distributions of the top 5 next chords selected in this sequence both within each part and across
parts. The across parts distributions placed the chord or bigram in question as the last elements of a part
and checking which chord followed them as the first of the next part.

By computing the Total Variation Distance (TVD) 8.3.1, we can see that the within and across distribu-
tions differ for bigrams by approximately 52% (Overall) and 17% (frequency-weighted) and for trigrams by
approximately 57% and 23%. The formula of the total variation distance between two distributions can be
seen below:

88



8.3. Descriptive analysis

Top 20 Chord Bigrams — Overall vs Across Parts Top 20 Chord Trigrams — Overall vs Across Parts
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Figure 8.3.13: Top bigrams (left) and trigrams (right) over all and on part transitions.

TVD(P,Q) = % > |P(z) - Q(x)] (8.3.1)
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where P and () are probability distributions over the same set of events X', and z represents each possible event.
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Figure 8.3.14: Top 10 chords and how the next chord distributions change on part transition.

With regard to bigrams, remarkable case constitutes the G' chord having its most common successors within
parts, the D chord with approximately 24% with the C being close second with 22%, swap places and the
C chord dominating with 34% over the 17% of the D chord. Additionally, following the Amin chord from
the within distribution we can see that F' and G chords are the top candidates with around 20%, with the C
chord placing third having 17%. This dynamic changes across parts with the C' chord taking the first place
swapping with the G chord, while the F' chord’s percentage drops below 19%. Other interesting observations
are that in most cases, such as the D, A, F and B chord, where the most prominent choice within parts gets
empowered across parts. In the rest instances the dominant choices remain the same, while the distribution
hierarchy of the less influential ones varies. For example after the F' chord, the C chord remains the most
common option but the G chord moves from second to fourth most common losing roughly 16%, similar to
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the A and D chords losing approximately 6% and becoming the fourth choice, instead of second, after the
Bmin and Emin chords, respectively. Considering the C' chord, it seems that the distribution across parts
closes the gap the occurrences of F' and G chords to 5%, from the 20% they had within the same part.

Continuing with the trigram patterns shown in Figure 8.3.15 we detect greater variations between the within
and across parts distributions. The most notable of them are the changes after the progression C-G where the
most prevalent choice changes from being D and C with 27% and 24% respectively in the within distribution
to C with 34% and D with 13% in the across distribution. In a similar manner the most prominent chords
after the progressions G-C', D-G, F-C and A-D change from being G, D, G and A to being F', C, F and G, by
growing by 16%, 16%, 11% and 16% respectively. The rest trigrams show little variation of the percentages
of the dominant candidate chords, while the others adjust insignificantly.
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Figure 8.3.15: Top 10 bigrams and how the next chord distributions change on part transition.

8.4 LDM analysis

This section describes the preprocessing of the dataset and the methods applied to create a graph-like
structure from n-grams to model songs using latent distance models with respect to their genre and decade of
release. The intuition here is that we can design a method to represent each song in a latent space through its
n-grams and try to see if this representation aids classification tasks such as genre and decade classification
with the results being shown in Chapter 9.

8.4.1 Dataset Balancing

To ensure that each category was equally represented, the first step was to clean and balance the raw dataset.
Entries that had neither genre or decade metadata were discarded alongside those with invalid chord symbols.
The remaining data was then balanced by category, retaining the same number of samples per valid group.
Groups with few samples, less than 200, were also excluded to avoid having underrepresented categories.
The final dataset consisted of 2,814 samples per genre category and 1,748 samples per decade category.
Subsequently, stratified train/test splits were performed using 80% of the samples for training and 20% for
testing, to preserve the category distributions in both splits.

8.4.2 Chord Processing and N-gram Extraction

Before encoding each chord, they were preprocessed to standardize their representation. Structural part labels
were discarded and only the root of each chord was kept, removing quality, extension and bass information.
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Each root was then converted to an atonal pitch class, using integers from 0-11 to represent each chord,
capturing the twelve semitones in an octave. The atonal representations help mitigate the combinatorial
complexity that follows n-grams as the n increases. After simplifying each sequence, overlapping n-grams
were harvested from it for n = 4,5 and 6, focusing on capturing local patterns. For each n-gram its absolute
frequency across all songs and relative to each category was measured.

8.4.3 Category Graph

Before constructing the full n-ram graph, a smaller graph was created where each node represented a category
and edges reflected the relationships between them. The scope of this graph was for direct initialization of
the latent parameters of the full n-gram graph instead of a random one, each n-gram starts closer to it’s
most relevant category. The edges of this smaller graph were defined soft Jaccard similarity of their n-gram
profiles, where the numerator summed the minimum percentage contributions of shared n-grams and the
denominator summed the maximum contribution across all n-grams. This metric captures both the presence
and relative importance of shared patterns across categories. Finally, edges were normalized to a fixed scale,
resulting in a weighted, undirected graph encoding category similarities.

8.4.4 N-gram Graph

For the n-gram graph, each node represents a unique n-gram and edges were established based on category-
specific nearest neighbors. In more detail, within each category, n-grams were sorted by normalized percentage
contribution and total count, and pairs of n-gram with neighboring ranks (rank differences < 25) were
connected. A separate edge set was created connecting each n-gram with the category it represents the most,
producing another weighted undirected graph that will later allow category nodes to take their place in the
latent space amongst the n-grams.

8.4.5 Node Coloring and mapping

To enhance interpretability, each n-gram node was assigned a categorical color corresponding to the category
in which it had the highest relative contribution. This information is extracted from the connections between
n-grams and categories described above. This coloring provides a way to visually identify clustering inside
the latent space and highlight n-grams that are strongly associated with specific categories.

Additionally, each n-gram node was assigned a mapping metric to quantify its distribution across categories.
A Kullback-Leibler divergence based measure 8.4.2 was computed from the n-gram’s percentage contributions,
capturing its relative specificity to particular categories. These mappings enable new unseen songs to connect
with the n-gram graph and be positioned in the latent space and interpreted in terms of its similarity to the
existing dataset. The Kullback-Leibler divergence-metric formula is a follows:

C
Dxu(P | Q) =Y pe 1og§, (8.4.1)
c=1 ¢

where p. is the observed percentage of an n-gram in category c and q. is a reference distribution.

In our implementation, we use a uniform reference distribution ¢. = %, which simplifies the formula to:

C
KL-inspired(z) = ch log p. + log C. (8.4.2)

c=1

This formulation measures how concentrated an n-gram is across categories:
e Values close to 0 indicate that the n-gram is evenly distributed across all categories.

e Higher values indicate that the n-gram is more category-specific, contributing predominantly to a subset
of categories.
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Using this metric we assess how much information each n-gram contributes to the latent space and how
strongly its existence in a song influences how it should be categorized.

8.4.6 Latent Distance Modeling

After determining the category, n-gram and n-grams to categories relationships, the latent distance model
was trained to embed both categories and n-grams into a shared latent space. The training process was
structured in three sequential phases to produce interpretable and semantically meaningful embeddings. The
models were implemented in Python and trained using PyTorch with the Adam optimizer. training lasted for
100 epochs with 100 steps per epoch, using a learning rate of 0.01 and batch sizes of 4,000 for n-grams and the
number of categories for category graphs. It is important to note that in each step of each epoch, the model
only trained the positions of the selected n-grams, determined by batch size, relative to each other. The
implementation is based on the latent distance model available at github [15], that uses a custom negative
log-likelihood loss, derived from pairwise distances in the latent space.

Phase 1: Training the Categories Graph

The first phase is focused only on category nodes. Training the categories graph positioned each category
node in the latent space was placed closer to the category nodes that were most related, as shown in Figure
8.4.1.
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Figure 8.4.1: An example of category nodes after the first training phase.

Phase 2: Training the N-grams Graph

The second phase leverages the latent positions of categories computed in the first phase to initialize the
latent positions of the n-grams. FEach node is initialized at the position of the category node it is most
associated with while also adding some small noise. Training the n-gram graph results in their final positions
in the latent space, as shown in Figure 8.4.2.
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Figure 8.4.2: An example of n-gram nodes after the second training phase.

Phase 3: Repositioning the Categories

After the n-grams have reached their optimized positions in the latent space, the category nodes are reposi-
tioned based on their connections to the n-grams. As mentioned previously each n-gram is linked to a single
category for coloring, allowing the final position of each category to be computed as a weighted centroid of
its connected n-grams, as shown in Figure 8.4.3.

Figure 8.4.3: An example of category nodes after the third training phase.

The result of the above phases is a latent space where n-grams and categories occupy optimized positions,
revealing interpretable geometric relationships that reflect their statistical and semantic associations. Below,
in Figures 8.4.4 and 8.4.5, the latent positions of 4,5 and 6-grams can be observed as well as the latent
positions of the genre and decade categories respectively.

From the plots it evident that stronger, more visible clusters are forming while we move from 4-grams to
6-grams. The dense regions closer to the center account for roughly 90% of the total points. In the genres case
we have a total of 11,117 unique 4-grams, 29,730 unique 5-grams and 45,462 unique 6-grams. Considering
the decades we count 7,490 unique 4-grams, 16,436 unique 5-grams and 21289 unique 6-grams.
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Figure 8.4.5: The latent positions of 4-grams, 5-grams and 6-grams, from left to right, based on connections

created by decade similarity.

Focusing on the 5-gram and 6-gram plots where we can see better differentiation of the categories some
patterns can be observed. The most notable ones are the Punk and Metal genres being positioned close in
both occasion, while the same can be said for Jazz and Country. Additionally, Rock and Soul seem to have
similar n-gram preferences as well as Reggae and Pop. As for the decades, we can clearly see 1960s and 1980s
being close and that 2000s 2010s and 2020s are adjacent to each other in both 5-gram and 6-gram plots,
while the 1990s reside in proximity. The 1970s seem to distance themselves from the formed groups in both

cases.
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Chapter 9

Experiments

In this chapter we present the experiments conducted to evaluate our proposed framework. The experiments
are divided into two main tasks: classification and chord prediction. All implementations were in Python,
using PyTorch library for model construction and training. For optimization, we employed the Adam opti-
mizer, which provides adaptive learning rates and efficient convergence for both the recurrent models and the
latent distance models. The latent distance model used a negative log-likelihood loss function, as described
in 8.4 while the recurrent models, used cross-entropy loss, described in 4.2.

9.1 Genre and Decade Classification

In this section, we mainly describe the pipeline for the sequential models training as the latent distance
modeling pipeline for preprocessing and training was described in 8.4. In the sequential models we include
the recurrent models and the state-space model architecture of Mamba. The evaluation methods are described
for both architectures.

9.1.1 Data Representation and Preprocessing

For the sequential models, similar measures to the one used for the latent space models, towards preprocessing
the raw data and preparing them for training, were employed. The dataset went through a balancing and
cleaning stage for both category classification tasks, and each chord was turned into an integer corresponding
to the root’s pitch class 0-11. In contrast to the latent distance model procedure, the dataset was not split
into n-grams and whole song sequences were use for training.

9.1.2 Model Architectures

Four types of sequential architectures were considered, the vanilla neural networks, the gated recurrent unit
networks, the long short-term memory networks and the Mamba model. Each model received sequences of
chord integers (0-11) as input processed them through an embedding layer to learn meaningful representations
of each chord and produced a probability distribution over categories through a fully connected output layer
with softmax activation for categorical classification. The main module consists of one layer of the main
computation sequential units.

9.1.3 Training

Models were trained using the cross-entropy loss function and hyperparameters were tuned empirically for
optimal performance. The embedding dimension used was 4 and the hidden dimension of the model was 256,
training lasted up to 100 epochs, using batch size of 256, with early stopping and learning rate scheduling
starting from 0.001 for smoother training. Mamba models include some extra hyperparameters, we used state
vector of size 32, convolution kernel size of 4 and expansion of the model of size 2.
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The dataset was split into training, validation, and test sets (80/10/10). The validation set was used to
monitor the model’s performance during training, with the model state achieving the lowest validation loss
being saved and later used for evaluation on the test set.

9.1.4 Evaluation

For both latent distance and sequential models, classification performance was assessed using accuracy and
confusion analysis on the test set, identifying common misclassifications between categories.

For the recurrent evaluation, test loss was also recorded to compare model performance. For the latent
distance models the predicted class for each song was obtained by calculating distances in the latent space
from the category nodes positions learned during training and choosing the minimum. For the recurrent
methods the prediction was obtained from the maximum probability output by the softmax layer.

9.2 Chord Prediction

The chord prediction task relies on symbolic chord sequences from the Chordonomicon dataset. The experi-
ments were designed to assess how training set size and sequence length influence model performance. Each
song in the dataset is represented by a progression of chords accompanied by structural section labels when
such annotations are available (<Verse 1>, <Chorus_2>). To prepare the data for sequence modeling, their
raw form had to be preprocessed in order to produce the two different representations we used to experiment.

9.2.1 Data Representation and Preprocessing

The raw dataset was filtered to remove incomplete or noisy entries. Songs with at least genre or decade
metadata were preferred while ones containing odd chord symbols (having indications of inversion without
stating the bass note "/ ") were discarded.

Normalization and Cleaning

The first step was to convert part labels such as <Verse 1>, <Chorus_ 2> to canonical forms Verse, Chorus,
by removing the brackets and the numeric suffixes. These labels were retained only for the creation of section-
wise chord progressions and were excluded from the main chord vocabulary.

Vocabulary Construction and Encoding

In the experiments we tested two different representations of the chords, one treating each unique chord as
a token and the other decomposing the chord into three parts Root, Quality + Extensions and Bass.

e Single-token representation: Each unique chord symbol (e.g., Cmaj7, Am, G/B) was treated as an
atomic token. This approach captures complete harmonic information within a single unit, resulting in
a compact sequence representation.

e Three-token representation: Each chord was decomposed into three components:
— Root: the pitch class of the chord (e.g., C, D#, F#);
— Quality + Extensions: the chord type and added tones (e.g., maj7, min, sus4, add13);
— Bass: the bass note when specified (e.g., the E in C/E), or N for none.

Each component was encoded as an integer identifier, and mappings between component identifiers and
complete chord identifiers were stored for decoding.

Dataset Construction

After filtering out songs without metadata, three datasets were generated sequentially:

e Filtered dataset: Contains all songs with at least one metadata field (genre or decade), with structural
labels removed; suitable for evaluation on entire songs.
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e Labeled-song dataset: Subset of the filtered dataset containing only songs with structural labels.
After that the labeled-songs are used to create the segmented dataset, and are later kept without labels
for evaluation.

e Segmented dataset: Each entry corresponds to a single labeled section extracted from the labeled-
song dataset (e.g., a single verse or chorus). Labels and associated chord sequences are preserved for
section-level modeling and evaluation.

All models were trained on the segmented dataset, while evaluation was performed on the filtered dataset,
the labeled-song dataset, and the segmented dataset after filtering songs that had at least one part belong
to the training or validation dataset.

9.2.2 Model Architectures

For the tasks four architectures were considered, the vanilla recurrent neural networks, the gated recurrent
units, the long short-term memory networks and Mamba. The models receive sequences of either encoded
chords (1-token) or encoded chord components (3-tokens) and uses an embeddings layer to create meaningful
embeddings to be processed by the main module. The module’s output is then collected by fully connected
layers, with either one head per chord or 3 heads, one per chord component. For the 3-tokens representation
the heads of the components are then combined to determine which chord from the known vocabulary fits
best. The multi-head approach allows the model to leverage both component-level and full-chord supervision
simultaneously.

9.2.3 Training

Models were trained using cross-entropy loss, with the total loss of the 3-tokens approach being the summation
of the component and full chord losses. Hyperparameters were as follows: hidden dimension 256, one main
module layer, batch size of 4096, learning rate 0.005, a maximum of 200 epochs and embedding dimension of
128 for the chords and 16 for each component.

To improve performance and generalization, added mechanisms were employed. Early stopping in combina-
tion with learning rate scheduling was used to avoid overfitting, while a stratified splitting ensured training
validation and test sets had no overlapping songs and maintained label distributions. Also, during all phases,
to increase robustness to variable-length sequences, sequences were cut randomly when sampling while en-
suring the target chord followed at least 4 chords.

9.2.4 Evaluation

For both experiments the average accuracy and loss was used to measure performance over multiple runs.
To enrich the evaluation, confusion analysis was conducted on mismatches to measure their influence in the
model’s performance.

9.3 Results

In this section we present the results of our experiments. The first part focuses on the classification task,
while the second part addresses the chord prediction task.

9.3.1 Genre and Decade Classification

Table 9.1 shows the accuracy and loss of the trained models for both genre and decade classification tasks.
The results can be grouped into two categories. In the first group, the latent distance model and the
vanilla recurrent neural network achieve similar results, barely surpassing random guessing being 0.125 for
the eight decades and 0.08 for the twelve genres. The second group, comprising of the gated recurrent unit,
the long short-term memory network and Mamba architectures, achieves significantly better performance,
nearly doubling the latent distance model’s accuracy in the genre classification task and improving decade
classification accuracy by around 10%. Notably, the gated recurrent unit exhibits lower loss values than the
other models, even if it is not the top performer in terms of accuracy in the decade experiment.
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Table 9.1: Accuracy and loss for each model grouped by category.

Category Model Accuracy Loss

LDM 0.0917 -
RNN 0.1190 2.4610
Genre LSTM 0.1670 2.3915
GRU 0.1889 2.3608
Mamba 0.1753* 2.3905%*
LDM 0.1326 -
RNN 0.1344 2.0814
Decade LSTM 0.2259 1.9623*
GRU 0.2252%* 1.9557

Mamba 0.2223 1.9831
Best results are in bold, second best are marked with *.

To further examine model performance, we present confusion heatmaps in Figure 9.3.1. The heatmaps were
generated by combining the evaluation mismatches from all models with the combined matrix showing over
90% agreement with each individual model’s confusion matrix.

In the genre heatmap, certain pairs of genres show higher similarity than others. Jazz is most often confused
with Country, and also showing multiple confusions with Soul. Additionally, Punk is frequently confused
with Metal. Overall, most of the models’ errors involve misclassifying other genres with Country.

In the decades heatmap, the 1960s show strong similarity with 1950s, with the 1950s being the most common
misclassification. Another small cluster can be seen observed among the 2000s, 2010s and 2020s.
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Figure 9.3.1: Confusion heatmaps for the genre classification task (left) and the decade classification task
(right).

9.3.2 Chord Prediction

The chord prediction experiments consist if two main analyses. First, we investigated how the size of the
training dataset influences model performance, as shown in Figure 9.3.2. Performance improves dramatically
as the sample size grown from a few thousand entries (specifically 5,000) to 200,000, with only minor gains
beyond that up to 1,000,000 samples. Vanilla recurrent neural networks consistently perform worse than the
other models, while the 3-tokens representation has a slight outperforms the 1-token representation.

Table 9.2 summarizes the average results over multiple runs using the best performing sample size (1,000,000
samples). When tested with whole song sequences that have part labels, accuracy decreases and loss increases.
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Figure 9.3.2: Cumulative Accuracy and Loss for the Standard dataset.

Performance drops further when tested on datasets missing structural labels. The 3-tokens representation
generally outperforms the 1-token representation, except for the vanilla recurrent neural models. In terms of
accuracy, the long short-term model achieves the best results, while the gated recurrent unit networks shows
slightly better performance in loss despite a minor gap in accuracy.

Table 9.2: Average Accuracy and Loss per RNN Model and Representation across Datasets.

Segmented Labeled Filtered
Model Representation | Avg Acc Avg Loss | Avg Acc Avg Loss | Avg Acc Avg Loss
RNN 1-token 0.5859 1.63698 0.5632 1.6081 0.5448 1.6655
3-tokens 0.5715 1.6370 0.5481 1.6504 0.5281 1.6972
LSTM 1-token 0.6594 1.3221 0.6244 1.3319 0.6007 1.4037
3-tokens 0.6748 1.2919 0.6394 1.3079* 0.6121 1.3818*
GRU 1-token 0.6399 1.4046 0.6017 1.3832 0.5791 1.4479
3-tokens 0.6618* 1.3060%* 0.6311%* 1.2961 0.6055* 1.3782
Mamba 1-token 0.5995 1.5165 - - - -
3-tokens 0.6501 1.4054 - - - -

Best results are in bold, second best are marked with *.

Figure 9.3.3 illustrates how input sequence length affects prediction performance using average cumulative
accuracy and loss. Average cumulative accuracy and loss, reflect how the model benefits from having more
chords available before needing to make a prediction. The evaluation in this experiment was conducted on
the segmented dataset. Very short sequences, such as those length of 4, provide insufficient context, leading
to lower accuracy, while moderately longer sequences give the model a richer context and significantly better
predictions. Vanilla recurrent neural networks tend to degrade beyond sequence lengths of about 7 chords,
whereas other models continue to improve and stabilize around 15 chords. After this point, adding more
chords has little impact on performance.

It is also evident that 3-tokens representation outperforms the 1-token representation in both long short-
term networks and gated recurrent units, while in the vanilla recurrent neural networks the performances are
swapped. The last plot shows the length distribution of testing sequences, witch aligns closely with the part
size distribution shown in Figure 8.3.5.

In Figures 9.3.4 and 9.3.5, the 3-tokens representation again outperforms the 1-token one for long short-term
memory networks and gated recurrent units, while the opposite trend is observed for the vanilla recurrent
networks. The evaluations behind these figures were conducted in the labeled and filtered datasets, respec-
tively. Compared to the segmented dataset, the sample distributions in these evaluations are more balanced.
Accuracy appears to decrease as models receive larger chord sequences as input, while on the other hand
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Figure 9.3.3: Cumulative Accuracy, Cumulative Loss, and Sequence Length Distribution for the Segmented
dataset.

the loss generally decreases with additional chords, with he recurrent neural networks being once again the
primary exception. Overall, the models appear to become more confident but not necessarily more accurate.
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Figure 9.3.4: Cumulative Accuracy, Cumulative Loss, and Sequence Length Distribution for the Labeled
dataset.
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Figure 9.3.5: Cumulative Accuracy, Cumulative Loss, and Sequence Length Distribution for the Filtered
dataset.

For better understanding on the model performance, we recorded the most common, the most hurtful, and
the most impactfull mistakes across all models during evaluation.

Table 9.3 lists the most common prediction mistakes. Many chord pairs appear in both directions (A—B and
B—A). The "mean added loss" refers to the average increase in loss when a chord is mispredicted, meaning
how smaller would the total loss be if the true chord had been predicted for this instance. The mean added
losses range from 1.22 to 1.88.

In Table 9.4 we show the most hurtful mistakes, representing rare errors that produce large losses when they
occur. It is interesting to note that these chords are outliers, being mistaken once in the whole evaluation
while creating a huge loss impact. The mean added loss ranges from 35.35 to 65.10.

Finally, Table 9.5 presents the most impactful mistakes overall combining frequency and severity. Most of
the entries in this top 20 also appear amongst the most common mistakes and their mean added loss ranges
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from 1.23 to 1.93.

Table 9.3: Top 20 Most Common Chord Mistakes

True Pred Total Count Mean Added Loss
C G 13889 1.31
G D 11526 1.23
G C 11393 1.29
D G 11369 1.31
D A 9320 1.26
Emin G 9032 1.81
F C 8495 1.47
Amin C 8467 1.63
C D 7513 1.32
F G 7144 1.46
A D 7050 1.28
Amin G 6905 1.88
D C 6755 1.34
E A 6729 1.37
C F 6725 1.28
G F 6584 1.22
G A 6559 1.43
C Amin 6128 1.34
Emin C 5830 1.80
A E 5785 1.19
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Table 9.4: Top 20 Most Hurtful Chord Mistakes per Instance

True Pred Total Count Mean Added Loss
Fs/C C7 1 65.10
Eb/A Fsmin 1 56.38
Adim/C Gmin 1 49.49
F/B Dmin 1 48.71
Gs/B G 1 42.50
Cmin7/A Eb 1 41.86
Gbl11 G 1 41.79
Gsusd/G Fmaj7 1 40.59
Csmin/D Csmin 2 39.73
Cminmaj7 Asno3d 1 39.05
Fsus4/E Fs 1 38.95
Gbminadd13 Dmin 1 38.08
Aminadd13/E E 1 37.04
Fsminll/A A 1 36.99
Bbsus4/G Eb 1 36.82
Bb/As Emin 1 36.57
Fmaj9/C Cmaj7/G 1 36.35
Cdim/Eb F7 1 36.29
Gsminl3 Ddim7 1 36.25
Emin9/G Badd9/Ds 1 35.34

Table 9.5: Top 20 Most Impactful Chord Mistakes Overall

Total Count

Mean Added Loss

Total Added Loss

True  Pred
C G
Emin G
D G
G C
G D
Amin C
Amin G
F C
D A
Emin C
F G
C D
Bmin D
Emin D
D C
E A
G A
A D
C F
C Amin

13889
9032
11369
11393
11526
8467
6905
8495
9320
5830
7144
7513
5537
5171
6755
6729
6559
7050
6725
6128

1.31
1.81
1.31
1.29
1.23
1.63
1.88
1.47
1.26
1.80
1.46
1.32
1.80
1.93
1.34
1.37
1.43
1.28
1.28
1.34

17854
16129
14536
14409
13964
13744
13053
12179
11466
10193
10078
10002
9982
9973
9157
9089
8949
8929
8597
8258
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10.1 Discussion

This chapter provides interpretations of the results of both the descriptive analyses and the classification
and predictive experiments in the context of the research objectives outlined in chapter proposal. This
study aimed to analyze the structure of the Chordonomicon dataset and investigate whether interpretable
models can capture meaningful patterns in symbolic music compared to more complex machine learning
methods and whether lightweight models can learn temporal dependencies while also being aware of part-level
structure and having more expressive representation of chord, the decomposed form. By combining large-scale
statistical exploration with sequential modeling, the analyses provide insights into both the shared backbone
of tonal music and the context-dependent variations that distinguish genres, decades, and song sections.
The discussion is therefor split into two complementary parts, an examination of the dataset’s structural
and harmonic properties, and interpretation of the experimental results, linking observed patterns to model
performance.

Descriptive Analysis

The Chordonomicon reveals that popular music is governed by strong harmonic regularities alongside subtle
stylistic choices. Songs generally contain specific number of parts, 6-8 in average, with individual sections
averaging around 8 chords in length, with local maxima often appearing multiples of four giving information
about common chord progression lengths and reflecting conventional metric phrasing. Segment-wise, verses
and choruses dominate in both frequency and length showcasing their importance in song structure and flow,
while intros, outros and other parts are brief and serve more as transitions rather than containing the essence
of the musical piece. Metal songs tend to have longer parts, Rap as well compensating for having less parts
on average, highlighting genre-specific compositional choices withing a shared formal grammar. Part length
and structure in general are remarkably stable across genres and decades, indicating that the underlying song
framework is highly standardized.

Considering harmonic vocabulary, major and minor triads overwhelmingly dominate (>90%), while irregular
ones are concentrated in Metal, Rock and Punk. Extensions, expanding the complexity of the chord by using
more pitches, showcase preferences in Jazz and Soul to be more expressive, while the primarily stylistic usage
of inversions is also focused on them despite being extremely rare. Over time, the dataset shows a gradual
simplification of music, all the above characteristics seem to shrink approaching recent years, reflecting shifts
in production techniques, aesthetic priorities, and trend pressures.

Focusing on sequential features and dependencies, root motions closely follow the circle of fifths, distances of
5 semitones are more likely to happen, followed by the 2 semitone movements, while transitions of 6 semitones
are the most scarce. These observations align with the most common chord progressions from music theory
such as I-IV-V-I, which is a sequence of 5-2-(-5) semitone distances. Transition directions are also balanced,
showing no preference on upward or downward motions. These patterns are consistent across genres and
decades, suggesting tonal stability as a backbone of popular music.
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Furthermore, examining longer contextual behaviors, n-gram analyses reveal common progression pattern
and that chord transitions vary when between structural sections. By measuring the total variation distance
moving from overall chord transitions to ones occurring on part boundaries, for bigrams and trigrams, it
is evident that harmonic rules based on the context change across song segments. While it is well known
that song sections provide contextual changes in lyrics and melody, our results show that harmonic context
itself also changes systematically. Local chord sequences are constrained by part boundaries, reinforcing the
idea that part sizes often reflect complete harmonic phrases and highlighting the importance of incorporating
structural context in predictive modeling of symbolic chord sequences.

Extending the contextual range to 4-,5- and 6-grams, we employed latent distance models to represent songs
as graph through a careful designing process that aims to highlight genre and decade specific patterns through
clustering. By embedding n-grams and categories into a shared latent space, the model visualizes the statis-
tical proximity between genres and decades, providing a more interpretable lens on these sequential patterns.
This visualization revealed relations between genres and temporarily adjacent decades by positioning them
closely, confirming that n-gram statistics can capture some of the temporal relationships. Notably, the ma-
jority of the n-grams occupy dense central regions, reflecting the shared harmonic patterns across all music.
This latent space approach provides further evidence that harmonic foundations are universal, with stylistic
and temporal differentiation emerging subtly in higher-order local patterns.

Experiments

Complementing these observations, the sequential modeling experiments on genre and decade classification
and chord prediction exhibit interesting results.

For the classification tasks, lightweight recurrent based and state-space models, as well as latent distance
models, were generally unable to achieve strong predictive performance. Models trained on pitch-class rep-
resentations alone, performed only moderately, while vanilla recurrent neural networks and latent distance-
based representations approached near-chance levels. More sophisticated architectures, such as the gated
recurrent units, the long short-term memory networks and Mamba, performed better but still struggled,
highlighting the lack of strongly discriminative harmonic cues across genres and decades.

Despite the weak classification results, the experiments provide valuable insights. Confusion matrices reveal,
from the sequential models inference, reveal that misclassifications often involve stylistically similar categories,
consistent with the proximities observed in the latent space of n-grams. This reinforces the notion that a
shared harmonic structure extends throughout the music genres and decades, enriching our understanding of
music in a harmonic level as a system with stable foundations and subtle variations.

The chord prediction experiments further illuminate the role of harmonic context and part level structure.
Across all sequential architectures experiments reveal a clear threshold in the relationship between training
data size and model performance. As the dataset used for training grows, accuracy and loss improve steeply
until around 200,000 chord progression samples. After that threshold gains plateau, indicating a saturation
point where the models have already captured the dominant harmonic dependencies present in the corpus,
with extra samples providing marginal refinements rather than new information about tonal structure.

Examining sequence length effects further illuminates how much context these models effectively use. Pre-
diction performance improves as longer input sequences provide richer harmonic indications. This benefit
saturates after roughly 15 chords, but without degrading performance significantly. This suggests that the
predictive information contained in the immediate harmonic neighborhood is finite and mostly concentrated
locally. It is interesting that the 3-tokens representation consistently outperforms the 1-token approach, as
focusing on each chord component separately, meaning root, quality and extensions, and inversion, allows
the models to internalize relationships between chord parts rather than memorizing each chord symbol. This
demonstrates that harmonic understanding benefits from representing chords as compositional objects rather
than atomic tokens.

Vanilla recurrent neural networks, however, generally fall behind their gated variants. Their limited capacity
to retain and update contextual information over longer sequences prevents them from modeling longer-
range and more complex harmonic dependencies. Interestingly, the dynamics of the 3-tokens and 1-token
approaches are swapped. This degradation arises because uncertainty is independently generated for each
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chord component during training. When the model combines the predicted components to construct the full
chord, it also accumulates the uncertainties that accompany each one, leading to increased overall error.

Finally, when models are tested on entire songs without respecting part segmentation overall performance
degrades, though longer input sequences appear to offer partial benefits. This improvement is rather de-
ceptive. While accuracy tends to decline slightly, the loss continues to improve, indicating that the models
become more confident on their predictions. This occurs because once a part boundary is crossed, the har-
monic context effectively resets and the tonal rules guiding the flow of one section no longer apply to the
next. As a result, sequences that span multiple parts blend incompatible contexts, leading to systematic
mistakes. The observed confidence gain emerges from the model gradually adapting to the new local context
after transitioning between parts. This reinforces the dependent relationship between harmonic progressions
and song segmentations and highlights the importance of modeling part-level structure when working with
symbolic chord sequences. Notably, performance differs across the labeled and filtered datasets, reflecting
that songs with additional annotation tend to be more curated.

10.2 Limitations and Future Work

While the analysis and experiments presented in this thesis provide valuable insights into the statistical and
sequential structure of symbolic chord progressions, the scope and design of this study are accompanied by
several limitations. These limitations exhibit both challenges in modeling tonal music and opportunities for
extending the work. Below we present the points that not only identify constraints of the current approach
but also suggest directions for future research, building on the insights provided by the exploratory data
analysis and the classification and predictive modeling pipelines.

e Contextual Shifts: Chord prediction suffers when progressions cross part boundaries, highlighting the
influence of contextual shifts on harmonic progressions. Future work could explore a complementary
Part Detection task, using model uncertainty to identify segment boundaries. Incorporating part-
level predictions into chord modeling could help the model detect when local harmonic context resets,
improving performance on both tasks.

e Dataset imbalance and curation: Although the Chordonomicon dataset is a rich source of musi-
cal information, the balancing procedure needed towards classification tasks discarded many entries,
potentially losing on important patters and trends. Future studies could investigate methods leverag-
ing imbalanced datasets, such as weighted loss functions or data augmentation directed towards the
categories, to avoid losing harmonic and stylistic information.

e Limitations of symbolic chord information: Symbolic chord progressions capture harmonic struc-
ture but ignore other musical meaningful dimensions, such as melody, rhythm, tempo, and duration.
Integrating multimodal features, including audio representations, or additional annotations, could en-
hance both classification and prediction performance.

e Chord Mispredictions: The models’ prediction mistakes fall into two broad types, the rare ones, with
insignificant appearances, where the models get confused the most resulting in high loss values and the
most frequent, musically plausible confusions (for example Cmaj vs Gmaj or Cmaj vs Amin), that also
align with the distributions shown in Figure 8.3.14. Future work could incorporate smoothing or loss
adjustment techniques that account for musically close alternatives, reducing the impact of acceptable
harmonic substitutions on model training.
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