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Abstract

In this study, we investigate leveraging cross-attention control for efficient audio edit-
ing using auto-regressive models. Inspired by image editing methodologies, we develop
a Prompt-to-Prompt-like approach that guides edits through cross and self-attention
mechanisms. Integrating a diffusion-based strategy, influenced by Auffusion, we ex-
tend the model’s functionality to support prompt-guided refinement editing. Additionally,
we introduce an alternative approach by incorporating MUSICGEN, a pre-trained frozen
auto-regressive model, and propose three editing mechanisms, based on Replacement,
Reweighting, and Refinement of the attention scores. We employ commonly-used music-
specific evaluation metrics and a human study, to gauge time-varying controllability,
adherence to global text cues, and overall audio realism. The automatic and human
evaluations indicate that the proposed combination of prompt-to-prompt guidance with
autoregressive generation models significantly outperforms the diffusion-based baseline

in terms of melody, dynamics, and tempo of the generated audio.

Keywords

Audio Content Editing, Prompt-Guided Audio Manipulation, Al-Driven Audio Synthe-
sis, Fine-Grained Audio Control, Text-Based Audio Editing, Cross-Modal Model Adapta-

tion
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IlepiAnypn

T apouoa PeAét), EpEUVOULIE TV aglomoinor tou eAéyxou §1a0TaupoUpEVHG TIPOCO-
XHS V1O AroteAeopatike €negepyacia fX0U XPro1Honol®viag autornaAtvépouikd HoviéAa.
Eprnveuopévot arno pebododoyieg erne€epyaociag e1kdvag, avarrticoouiie Hid IPOoEYy1on TUIIoU
Prompt-to-Prompt rmou kaBodnyel 11¢ erepBaoelg Péom PNXaAvVIoOp®V 51a0TaUpOUPEVNG Kal
autonpoooxrg. Evoopatovoviag pa otpatnyikr diaxuong, ennpeaocpévn amno to Auffusion,
EMEKTEIVOULIE I AEITOUPYIKOTTA TOU HOVIEAOU Yld va UMooTnpigel v enegepyaoia PeAtin-
ong kaBodnyoupevn aro mnpotporeg. EmumAéov, eiodayoupe pla eVaAAAKTIKI] IIPOCEYYLO)
evoopatwvoviag 1o MUSICGEN, éva mpo-eKnatdeupévo nayopévo autoraAtvépopiko pov-
1€A0, Kal MPOTEIVOUHE TPEIS PNXAVIoPoUg enegepyaoiag, Baociopévoug oty Avukataotaor),
Vv Avakatavour Bapov kat ) BeAtiwon tov okop mpocoxrng. XP1olporoloUpe £UPEMS
XPNOOTIOI0UHEVEG PEIPIKEG ASI0AOYNONG €81KEG V1A T POUCIKY Katl pia pPeAétn) pe av-
dporoug, yia va a§lodoyrjooupe v eAeyXOpevn) PETaBAnTot)ta Otov XPOvo, TNV TrPIor)
TOV YEVIK®OV KEHEVIKOV O0Nyl®V KAl TOV CUVOAIKO PeaAlopo tou nxou. Ot autoparteg Kat
ol avBpwriveg a§lodoynoelg urtodelkvyouv OTL 0 MPOTEWVOPEVOG ouvduaopdg kabodnynong
TUIIOU ITPOUITI-TO-TIPOUITT € AUTOIAAIVOPOIIKA HNOVIEAd SNIoupyilag UmEPEXEL ONUAVIIKA
o€ oX€orn pe Vv Baoikn otpatnyikr diaxuong ocov apopd tr pedwdia, ) duvapikn Kat 1ov

PUOO TOU MapayopeEvVouU 1Xou.

Agge1g KAebia

Enegepyaoia [epiexopévou 'Hyou, KabBobnyoupevn arno Ipotporiég Enetepyaoia ‘Hyou,
ZuvBeon ‘Hyou pe Texvnu) Nonpoouvr, Aertopepr)g ‘Edeyxog ‘Hyou, Enefepyaoia Hyou

Baowopévn oe Kelpevo, Ataotaupoupevr I[Ipooappoyr Moviedaov

Diploma Thesis E
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Extetapévn EAAnvikn IlepiAnyn

H eriteudn 1Kavormonukov aroteAeOPATOV O EQYACIES eMedepyaciag XOU armattouoe
ouvnBwg peydda ouvola §e5oPEvmv 1) EMONIavoTn TV oroinv eival Siadikacia mou ocuyvda ei-
vat xpovoBopa kat dartavnpry. EmumAéov, n Snpioupyia anoteAeopatik®v POVIEA®V IIpooap-
poouévav otV enegepyaocia nxou anattei onuavuky egedikevon kat riepapatiopd. H ag-
101101101 UTIAPX0Uo®V POVIEA®V, av Kat duvatr), mapapével pia darnavnpn mnpoondadeia.

Ze aut v epyaoia, Ypnopornotovpe poviéda kabodnyoupieva and eviodég otov Topéa
TOU 1X0U Kdal, OUYKEKPIPEVA, TIPOCAPO{OUE TV TeXVIKY Prompt-to-Prompt [1], ou ftav
IIPONYOUHEV®S EIMITUXAG OTNV EMELEPYAOia €IKOVOV, Yyla TV eregepyaocia nxou. Auth 1)
[IPOCEYY10T] EMMTPEIIEL AETTTIOPEPT] EMESEPYATIA 1)X0U XWPIG va Xpeladetal enavarnpooapioyr)
£VOG POVIEAOU 1 mpoodetwv Sedopévmv. To Prompt-to-Prompt aglomoiei xapteg Siaotaupou-
HEevNS mPoooXnS yia va gAéyyet ) Siadikaoia dnpioupyiag, emMIperoviag otoug Xproteg va
ETNPEA{OUV TOV TPOTIO 1€ TOV OI010 Ta mapayopeva nxnuka Sedopiéva aAAnAemdpouv pe tig
KEWEVIKEG eVIOAEG. AuTr) 1) eueAdi§la erutpénet epyaoieg onwg adAayeg Tpov ALgemv, YEVIKD)
enegepyacia HXoU KAl XEPIOP0 ONPIACIOAOYVIKOV £QE X®PIS TPOIOI0iNo TOU UIOKEIPeEVOU
povtédou.

E@appdoupe 1o Prompt-to-Prompt yia v enefepyacia POUCIKNG KAl T0 TIPOCAPHO-
foupe og €va auTOrAAVOpPOPIKO POVIEAO TIOU akoAouBei eviodég. Autr eivat n mpotn
EIUTUXNG epappoyn tou Prompt-to-Prompt oto mAaioo ene§epyaoiag rxou pe autoraiv-
Spopkod poviédo. H extevrig alloAoynor) pag anodelkvuet g Suvatdtnieg autoV TV TEXVIKOV

vy Siaiobnukn eneepyacia nyxou Paociopévn oe kelpevo. O1 KUpleg oupBoAég pag sivat:

1. EZetaloupe tn xprorn evog mpoekrnaldsupévou autortaAtvépopikou poviédou Trans-
former, apyikda oxedlaopévou yia ) Snpoupyia Selypdtev UPnAng motdtntag JI0UCIKG

ano pia 6edopévn) KEEVIKE €VIOAT), yia TV enegepyaoia nxou.

2. Zxediadoupie kat UAOIIOOUNE TPELS H1aKPITOUg PNXAVIOHoUG enegepyaociag fxou, epr-

VEUOHEVOUG Ard autoug IMou mapouctactnkav oto [1].

3. A%iodoyoupe v rpooéyylon pag pe faocn to autornaAvépopiko poviédo Transformer
o€ OUYKP101) 1€ UTtdpxouoeg Peb6doug 61axuong, Xprotonol®viag AUTOHATEG METPIKEG

OXETIKEG 1€ T POUOIKI] KAl avatpododotnorn amod Xprotes.

Anpoupyia fxou pe Baon Tty Swaxuvon: Ta poviéda mou Paciloviar ot Sidyxuon
£xouv egepeuvn el eUPE®G OTOV TOPEA TOU X0V Kat g pouoikrg. Ot Yang kat Aowroi [2]
Xpnotporoouv éva poviedo VQ-VAE esknaibeupévo oe mel-@aopatoypagpnpata yla va ta

petatpeyouv oe Hlakpiioug Kad1koug. Autol ot kKodikol ot ouvéxsla tpopodotouvial oe

Airtflopa Tneowg m



Extetapévn EAAnvikn ITepiAnuyn

éva poviedo diaxuong ya m dnuoupyia nxnukev onpateov. To Make-An-Audio [3] xpnot-
porotel évav autopato Kedikornont) @aocpatoypadpnpatog, evoeopatovel 1o CLAP [4] kat
€104ayel pla npoogyylon Peudo-Pedtinong sviodmv, subuypappiloviag T QUOIKES YA®OOeg
He ta nxnukda debopéva, ermrpénoviag v agloroinon tepdotiov debopévav Srabéotpmv
npog ekmnaibevon xwpig ermrpnon. To AudioLDM [5] xpnowpornotetl éva AavBavov poviédo
dtaxuong (LDM) kat avupetoni¢el tnv éAAsiyn srmonpacpévev dedopévav eknaibevoviag
XPNOHOTIOIOVIAG ATTOKAEI0TIKA Nynuka 6edopéva. To AudioLDM 2 [6] sioayet tnv €vvola
g Todooag tou ‘Hyou (LOA), xpnoworowwviag to AudioMAE [7] npo-eknaidsupévo oe
mowkido nNxnuko mepiexopevo. To AUDIT [8] ouvduddet AavBavovia poviéda diaxuong ya
) dnuoupyia eneepyacpévev NXNTIKOV THNHATOV XP1OTHOM0IOVIAS TO00 NXNTKA 000 Kat
Kelevika otoixeia. '‘Ocgov agpopd 1 pouoiky), 1o TANGO [9], eprniveuopévo amno ta Aav-
9dvovta poviéda diayuong kat 1o AudioLDM, xpnotpornotet éva LLM avti yia embeddings
ou Paci{ovtat oto “AAIL To Auffusion [10] xpnoworotet éva nipo-exnaideupévo AavBavov
Movtédo Awaxuong kat to HiFi-GAN [11] vocoder. EmurtAéov, ot ouyypageig eloayouv évav
HNXaviopo 81a0taupoUpevng TIPOCOXTG TOU eVIOXUEL v eubuypdppion Kat v gusdiia.
To MusicLDM [12] ipooappddel tig apxiiektovikég Stable Diffusion kat AudioLDM otov
Topéa g pouokng. Ma va avupetenioouv v npoKANon TV MEPLOPIOPEVRV Sedopévav
exnaidevong, mpoteivovial véeg otpatnyikég mixup: 1o beat-synchronous audio mixup
(BAM) xat to beat-synchronous latent mixup (BLM). To InstructME [13] a&orotel éva
MPOCAPHOCHEVO AavBAavov P1OVIEAD 81axUong, H1EUKOAUVOVTIAG £pyaoieg OTI®OG 1) TIPOOONKN, 1)
agaipeon KAt 1 avapifn PouoIKeOV OToeinv S1atnp®vIag v appovIKL AKEPALOTTA HEOR

MVAK®V TIP0O0d0oU oUYX0Pdiav.

AvutonaAwvdponkrn dnpoupyia fxou: Qg evaldaxktuky ota povieda 81dxuong yua 1
dnuioupyia NXOU KAl HOUCIKAG, UTAPXOUV ta autornaiivpopikd povieda. To WaveNet [14]
glonyaye pa auvtortaAvdpouikn pébodo tagivounong yia ouvBeor opdiag, uriepBaivoviag tig
apadoolaKEG IPOOEYYIOES OUVEVOONG KAl IIAPAHEIPIKNG IIPOCEYY1oNG, av Katl o apyo. To
AudioGen [15] &enépaoe 10 Diffsound yprnotpornoigviag autornaAvépouiKr) 1ovieAonoinon
oe Slakprioug Xwpoug kupatopopdmv. To Jukebox [16] xpnowpornolel éva moAUKAiAKO
VQ@Q-VAE [17] yla va CUPITECEL TOV AKATEPYAOTO X0 0€ H1aKkp1toug K®S1KoUG, 01 OIToiol ot
OUVEXELA POVIEAOTIOI0UVTAL XPTO1HOTIOI)VIAS aUToTtaAtvEpoikoug petacynuatioteg. To Au-
dioLM [18] xpnowpormnoiei €1kETeEg ITOU SN0UPYOUVIAL ATIO £VAV VEUP®VIKO KKOOIKOITOUTY)
SoundStream [19] [20, 21] og otdx0Ug yia pla gpyacia poviedornoinong akoloubiag. Xto
[22], ot Agostinelli kat Aouoi eloayouv 1o MusicLM, akolouBmviag piia mapopola mpooey-
yton pe 1o AudioLM aAAd ripooaplooiévo yia epyaoieg enegepyaoiag povoikng. To MUSIC-
GEN, évag anok®d1koront)g faoiopévog oe PETaoXatioty] mou e10t)x0n oto [23], xpnot-
portoiei to EnCodec [24]. H mpooappoyr) Oto KEPEVO EVOMPATOVEL TEXVIKEG OTwg o1 TH
encoder, FLAN-T5 kat CLAP, eve n nipocappoyr) ot pededia xpnotponotel kupiapya Bivg
XPOVou-cuxvottag yia tov €Aeyxo g pedwdikng doprg. To poviédo siodyet ermiong éva
mAaiolo yia potiBa evaddayng tou BiBAiou kKodikev, BeAtidvoviag tv arnodotkotta Kat v

eueAigia.

Texvireg enefepyaoiag: To Prompt-to-Prompt [1] a§lomnoiel eontepika orpopata diaotauv-

poulEVnG IIPOCOXHS Yia va eAéyet rowa pixels divouv rpoooxr) oe rota tokens, ermtpénoviag

m Awrjlopa Tneoig
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gpyaoieg orwg ardayég tpev token, raykoopia erneiepyacia eikovag Kat evioxuor/arno-
SuVAP®OT) ONPILACI0AOY KGOV ATIOTEAEOPATOV X®P1g eravekniaideuor) tou poviédou. To Textual
Inversion [25] xpnowpornotel pia ogpd SopuBwpevov AavBavoviov KOSIKOV TTOU aroKI@vIal
and v apxikr) avactpodr) DDIM wg onjieio avapopdg Kat PEATIOTONOLEL TV EVOOIAT®OT] TOU
null-text. Me v exknaidevorn evog npo-exkmaldsupévou povidou text-to-image pe pepikeg
€1KOVeG €vOg avtuikelpévou, 1o Dreambooth [26] ouvbéel éva povadikd avayveplotiko pe
10 avuikeipevo. To Dreambooth emitpémetl ) oUvOeorn POIOPEAAIOTIKOV E1KOVOV TOU AV-
TIKEPEVOU OTO0 TAAI010 dladopev orknvev. Xto [27] o1 cuyypageig nipoteivouv to Custom
Diffusion, 6mou BeAT10TOIIOI0UV POVO NEPIKEG TIAPAPETIPOUS OTOV PIXAVIOHO IIPOCAPHIOYNS
text-to-image yia va avirpoooneyoouv véeg évvoleg. AUTH| 1) IIPOCEYYion arodidel e§ioou
Kald 1] KaAutepa ano unapxouoes pebodoug diatnpaviag v UTIOAOY10TIKY] ArTOS0TIKOTTd.
To SVDIff [28], BeAtiotonoiel 11§ povadiaieg TIHESG TOV UNTPWV Papdv, HE anmotédsopa evav
CUNITAYY X®OPO MAPAPEIP®V, HE®VOVIAG TOV Kivouvo urepekmnaideuong Kal YAWOOIKNG €K-
tporg [29]. Zto [30] xpnowpomnoouv 1o Textual Inversion [25] kat to Dreambooth [26]
yla va egatopikevoouy TG £§060ug tou AudioLDM yla veoeKIa1SeUHEVEG OUOIKEG £VVOIEG
pe Alya iapadetypata. Zro [31], ot ouyypadeig Sigpeuvouv §Uo texvikég enedepyaoiag 1xou
zero-shot ypnowornowwviag avaotpodpr) DDPM oe mpo-eknaibevpéva diktua Sidxuong. H
pooéyylon Toug, Baciopévn oto [32], meplapBavet v e§aynyr Aavbavoviev dtavuopdtev
SopuBou 1OU AVIIOTOLXO0UV OTO APXIKO Onpa Kadl 11 XPIon autdv Tov §1avuopdiv oe pd
Sradkaoia dsiypatoAnyiag DDPM yla va kaBodnyrnoouv tn 6idxuon mpog v embupnt)
enegepyaoia. Ta v enefepyaocia Paocet keypévou, rpooaplodouy Ty KETHEVIKT] EVIOAT] TTOU
Sivetatl oto poviédo. 1o oevapio Xwpig emiBAewn, diatapaccouv tnv £5060 ToU poviEAou Katd

HNKOG TOV KATEUOUVOERDV TV KUPIOV OUVIOT®O®V TG KATAVOUL|G.

Baoidopevot ota emtevypata tou Prompt-to-Prompt kat otnv avotepn mmodtnta 1Xou 1ou
MUSICGEN, OKOIMeUoUHE va Td EVOOUATOOOUNE Ot £va auToraAtvopouiko miaioto. Auto Sa
ouvdudoet v enegepyaoipdinta tou Prompt-to-Prompt pe tnv uwnAr mootta fxou tov

OUYXPOV®V aUTONAaAVEpoNIK®V HovieAev orwg 1o MUSICGEN.

To povtédo MUSICGEN [23] xpnowortoiet to EnCodec [24], évav 0UVEAIKTIKO K@d1KorTo1-
) rou oupBadAet otnv kKBavroroinon tou Xwpou AavBdvoviov petaBAntov. H eicodog, pa
tuyaia petaBAnt) avapopdg nxou X, KOd1Komoleital oe £va OUVEXEG TAVUOTL PE XapPnAotepo
pubpo kape (f;) oe ouykplon pe 10 pudbpo SerypatoAnyiag (fs). H ouvexng avarapdotaon
ot ouvéxela kBavtidetat oe Srakpitd oupBoda (Q) xpnowornowwviag RVQ, pe anotédeopa K
napdAAnleg akolouBieg (yia kabe xpoviko Brjpa), kabepia pe T ovpBoAa, omou K eivat o
ap1Bpog v PBAiov kodika, kat M eivat to péyebog tou PiBAiou kwdika. Ot ouyypageig
epapprodouv pia mPooEyylon autonadivépounong mou npoBAénet moAAardd BiBAia kodika
TAUTOXPOVA, EMMITAXUVOVIAS £101 ONPAVIIKA TO00 v ekmnaidevor 6co kat v egaynyr). ITo
ouykekppéva, 1o MUSICGEN ypnotwporotet éva potiBo 61armAokrg oupBoAnv yla va rmapayet
OAa ta PiBlia kedika oe pia Kat povo Siédeuon anoredikonontr), eSaleipoviag tny avaykr

yia 6tadoyikd rmoAdandd povieda Kat Kabiotdviag 10 POVIEAO TTOAU aTtoSOTIKO.

To Prompt-to-Prompt [1] ekpetaddevetal 1o pnxaviopo 61actaupoUpevng rpocoxns. Ag
Yewpriooupie éva nXNUKO delypia A mou mapdyetatl Xproonoldviag Pid KEHIEVIKY] eVIOAN P.

AdBete unoyn éva NYNTKO Selypa A o ITApAYETal XPHOHOMOIWVIAS £va KEPEVO eVIOANG P.

Aitflopa Tneowg m
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Me Vv £10ay®yr IOV XApI®V IPOCOXHS MTOU ATIOKIOVIAL KATd T didpkela g dnuoupyiag
10U A oe pia véa Snpoupyia pe tpororotnpévn) eviodr] P*, priopoupe va mpaypiatonoijooupe
pla ernedepyaocia mou €xel g arotédeopa éva véo nxnuko Seiypa A* 1o oroio Swatnpet
) dopr) tou apyxkou. Ia va avipet®nicoupe ouykekplpéveg Asttoupyieg enetepyaoiag,
XPTOI0TIO0UHE TPEIS PNXAVIOHOUG eTtedepyaniag:

Avtuiratdotaorn: O xprjotng avukabiotd toug 0poug g APXIKNG £VIOANG e dAloug. Ta
napddeypa, avikafiotoviag pia akouotiky KiBdpa pe pia nAekipiky kiBapa. Eiodyoupe
TOUG XAPTEG TIPOCOXIG TOU apX1KoU delypatog otr dtadikacia dSnpioupyiag e v Tponomnon-

HEVn €VIOAN :

. M, wpt<rt
Edit(M;, M; , t) = (1)
M;, otherwise

OTIOU T £ival Pla IAPAPETPOS XPOVIKNG ofjpiavong rmou kabopiletl péxpt moto Prjpa epappode-
1Al 1] £10AY®Y1.

A10pOwon: O xproing rpooBétel vEoug OPOUG OtV €VIOAN. Z& AUV TV IEPINI®OT, 1)
€100YDYI] TIPOCOXNHS £PapPodetal Novo OToug KOWvoug 0poug Iou potpadovial Kat ot o

EVIOAEG:

(M{)ij,  WAG =0

(2)
(Mp)iag). otherwise

(Edit(M, My, t));5 = {
AZicetl va avapepOei 011 0 Seiktng i aviiotoixei oe pia T, eve o Seiking j aviotoixel o évav
0po rewpévou. Kat mddl, propoupe va opicoupEe pia XPOVIKY CHjavorn T yla va eAéysoupe
10V ap1Opo eV Prpdtev ota oroia epappodetal 1 MaApArAve TEXVIKI).
Avaxkatavopr] Bapoug: TEAog, 0 Xprjotng Uropei va ermbupel va evioxUoet 1 va anoduvapo-
OEl TNV £€KTaAon otV oroia Kabe 0pog emnpeddel 1o anotédeopa. Ia va emmuxoupe auto,
roAAartAaotadouie Tov XAt MPOCOXIS TOU EKXMPNIEVOU OpoU j* He tia TapdpeTpo ¢ 1ou
Kupaivetat arno -2 €émg 2, odnywviag oc 10Xupotepn 1 acBevéotepn emidpaon. Ot xapteg

MPOCOYXNS Y1d TOUG AAAOUG OPOUG TTAPAPEVOUV APETABANTOL:

c-(Mp)yj, @ j=j*

(3)
(My)y, otherwise

(Edit(My, M{, ) = {

Zinv apX1kn vdonoinorn tou Prompt-to-Prompt, 6mou xprnotponolouviat povieda didayuong,
01 CUYYPAPELG TIEPIOP1LOUV TOV ap1O110 TeV BNPRATeV T epappoyng tou Prompt-to-Prompt, €10t
MOTE 1] TIAPAYOUEVH] E1IKOVA VA MPOCAPUOLETAL OTNV YEMUETPIA MOV EIMTACOEL 1] VEQ EVIOATL).
IMa va evoopatoocoupe 10 Prompt-to-Prompt pe 1a autoraAtvépopikd Xapaxinplotikd tou
MUSICGEN, spappodoupe ) dadikaocia oe 0Aa ta xpovikd Prijpata. Asdopévou ot 1o MU-
SICGEN avuipetomnidel v apaywyr 1xou og pa epyacia akodoubiag rpog akoAoubia, 1
€vvola TOU XpOvou Sev avTioTOlXel OV EPAPHOYL] Pag eMavaAnmukyg pebodou onwg otnv
nePinTeon TV Povieédev diaxuong, addd ot dsiypatoAnyia véav nynukev opwv. 'Etot,
yla va daopadicoupe ot 1 pEBodOG pag ennpeddel 0AOKANPO TOV IAPAYOHEVO 1XO0, AUTH)
N mpooappoyr Kpibnke anapaiint). ‘Onwg avapépOnKe MPornyoupéveg, Ol ereiepyacieg

OT0 TTAAIO10 TOU NG APXIKHG Uldoroinong tou Prompt-to-Prompt, edpappdloviav yla évav
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kaBopiopévo apbpd enavadfnyenv g dadikaciag diaxuong. Autn 1 OIPATNYIKI] OTOXEUE
va ermUyel pia 100pportia Petasu g dnuioupyiag vénv detypatev kat tng diatpnong v
Baoik®V XapaKInplotK@Vv Tou apXlkou. Avayvopidoviag trv autorntaAtvdpopiky @uor tou
MUSICGEN, e€etdloupe pia evaldakukn pebodo: 1 padaxr) avdpen. AUt 1 TEXVIKD)
ouvluddel TOUG XAPTEG XAPAKTNPIOTIKGOV ITOU ITapAyovidl Pe Toug injected, xpnotpionoioviag
évav otabpiopévo €00 Opo yla Ty apay®yr) Tou XApTtn XapaKinplotukov §060u. Ag Sew-
prjooupe Ol X; €ival 0 XAPINg XApAKINPIOTIK®V TTOU TTAPAYETAl OT0 XPOVIKO Prpa t, kat Yy
eivat o injected xaping xapaxtnploukev. H texvikn palaxkng avapegng ouvdudlel autoug
TOUG XAPTEG XAPAKINPIOTIKGOV XPNOHOIIOIOVIAS Evay otabpiopévo PECo 0po yia va apayet

1oV XAPTn XAPAKINPIOTKOV 080U Z;:

Zi=aX; + (1 - a)Y; (4)
OIoU a ival 1 MapAPETPog avapedng, pe tipég petadu 0 kat 1, kat ekppdadetatl og:

i

a=—

N
OIOU [ aVTUIPOORITEUEL TOV HEIKT TOU TPEXOVIOG OTPMOATOS TIPOCOYXNG rou egetaletal kat N
AVIUTPOOMITEVEL TOV OUVOAIKO ap1O110 TV OTPOHIATOV IIPOCOXTG 0T 0T0i6a armoKmS1Koont).
Autr] n Satunwon Swaopadilel 6t o mapdyoviag avapegng npoocappodetal Suvapika pe
Baon ) 9éon evidg g 0T0iBAG ATIOKMSTKOTIONTY] KAl AVATIAPAYEL TNV APXIKI] TIPOCEYY1oT)
Siayuong tou Prompt-to-Prompt, orou ot ene§epyaoieg epappooviat yia évav kaboplopévo

ap1Bpo enavadnyenv g Sadikaoiag Siayxuong.

// \

Decoder

' N 4
( "\ Decoder Layer ( R
Sour(_:e Prom pt: Attention Attention
Acoustic Guitar Solo e
\ \ /

Decoder Layer

Attention Injection Attention Injection

/ P N\ - . ™
( | Decoder Layer ( | Decoder Layer
Edlt.Ed PTO"'lpt' Attention Attention
Electric Guitar Soolo e
\ / \ J

Figure 1. Employing prompt-to-prompt throughout the decoder stack: The attention maps
corresponding to the source prompt are injected into the forward process using the edited
prompt at every decoder layer.

Ta v adodoynon g pebodou pag, apyika dSnpoupyoupe éva ouvolo §e6op1évav oy
reptexel {eUyn eVvioAov yia Kabe punyaviopod snedepyaociag: Avuxkatdotaor, Aopbwon kat
Avaxkatavour] Bapov. Kafe {gUyog arotedeital and rmpeioturieg Kat eneSepyacpéveg eVIoAEG

kewpévou. H Snpioupyia tou ouvolou Sedopévev pag arnotedsitat and dvo Prpata: (1)

Mitflopa Tneowg m



Extetapévn EAAnvikn ITepiAnuyn

dnuioupyla evog PIKPOU 0UVOAOU {eUYW®V EVIOAQV HE TO XEPL, KAl OTr) oUVEXELWd (2) Xprion Tou
ChatGPT 3.5 yua ) dnuoupyia erurtdéov {guymv. Autr 1 uBpidiky) ripoogyyion s§aodpaAilet
€va pelypa Xeporointev eVioA®Vv Kal Suvapikd napayopevey, ITapeXoviag £va motKiAo eUpog
nipog agloddynorn. Efetdloupe Siapopetikoug agoveg enegepyaoiag rx0u yla va opyavoooupe
arnotedeopatikd 1o ouvodo Sedopévav pag. Kabe agovag aviurpoonrietel piia Siakpttr) Iuxr)
TOU NXITIKOU MEPIEXOPEVOU

AMAayn Opyavou: Avukatdotaor eveg 0pyAavou 1y nYNUKNG ruyng pe addo, Beduwvoviag
TOV (X0 P TV IPOoONKI AEMTOPEPOV OTOLXEIOV 1] avaKaTaveoviag v pgaor os dadopa
NXNuKa otowxeia. Autdg o afovag ermpéret v e6epeUvnor S1aPOPEtIKGOV NXOXPOHATROV,
UPOV KAl NXNTIKOV XAPAKTINPIOTIKOV PEoA Otr) oUVOECT TOU 11X0U.

AAAayn Awa@eong/Tovou: H adlayr) 61d6eong/tovou neptdapBavet v 1poonoinor), al-
Aayn) 1) BeAtioon g ouvaloONPATIKG AITXN0NG KAl TV TOVIKQV AIIOXPWOERDV TG POUCIKIG.
Autdg o agovag reptAapBavel TPOIIOMOOELS TIOU MPOKAAOUV S1a(POPETIKEG OUVAICONIATIKEG
avtudpdoeig 1) aAAddouv ) CUVOAIKI] TOVIKY] XPO1d TOU NYXNTIKOU UAIKOU.

AAAayn Ei8oug: H aAAayr) eidoug riepidapBavet ) petaBaon petadu 81apopetik®V 1OUCTKOV
otul 1] e18ov. Autdg o dfovag SteukoAuvel Vv egepelivhor S1aPOPETIKGOV OTUAIOTIKWY OUL-
Baoceswv, pubpikev potiBev kat opyavikev dtatdienv os diagopa pouoka €ibn. Ot addayég
€160UG TIPOOPEPOUV EUKAIPIEG Yia SNIIOUPYIKO MEIPAPATIONO KAl OUYXMOVEUOT] £16@V.
MeAwd1kn Metapdppwon: H pedwdikr pertapoppaon rnepldapbavet tv aAAayr tou pel-
®B1KOU MEPIEXOEVOU TG HOUCTIKTG. AUTOG 0 a§ovag reptAapBAavel TPOITOMO0elg PEAWS KGOV
nePypappaIov, daotnpatev, potiBeov kat dspdiov.

Appoviry Tpormomnoinon: Autdg o asovag repldapBavel addayeg otig apPOVIKEG AKOAOU-
9ieg, tov appoviko pubpo, TV APHOVIKI) MTUKVOTNTA KAl TNV APHOVIKI] £VIAOT], EMTPETIOV-
1aG UV APHOVIKI] £UMAOUTION KAl TNV £§ePEUVIOT TOVIKQV oxéoswv. Me Vv egepeuvnon
QPHOVIKOV TPOIOMO|0E®V, HITOPOUHE va SIEPEUVI|COUPE TMOG Ol AAAAYEG OTIS APHOVIKEG
aKOAOUBIEG, TIS APHOVIKEG POVEG KAl TI§ APHOVIKEG UPEG ETNPEALOUV TOV APHUOVIKO XAPUK-
PA Kat T ouvalobnuatikn annynon g J1oUoIK|G.

IapaAAayr) Mopgng/Aopng: H rapardayr popdrig/Sopung repthapbdvet napaddayeg ot
OUVOALKT] popdr) 1 Sour) tng pouoikrg. Autdg o agovag reptdapBavel addayég otr diaipeon
TV THNRATEV, 11§ eravadnyetg, tg petabaoceig kat tg dadikaoieg avartudng, ermipenoviag
1OV SOMIKO TEPAPATIONO KAl TNV apnynuatiky e§epevvnon.

Xpnowponowwvtag 1o MUSICGEN kat tnv texvikyy Prompt-to-Prompt (6niwg opidetat ya
1a autontaAvdpopikda poviéda), dSnuoupyroape 22 Seiypata ava katnyopia snegepyaoiag
(Avuikataotaon, BeAtioon kat Avakatavopny Bapov) pe 5 tuxaioug oropoug ava {euyog
eviodwv. Autr) 1 dadikaoia emavadneOnke yia to Auffusion, pe anotédeopa va napayxdbouv
ouvoAlkd 660 delypata kat aro ta §Uo povieAda.

XpnoworoloUupe moAAoug Kowvoug deikteg aloddynong yla v eKTPNOL TOV PLOUOIKOV
XOAPAKTIPIOTIKOV TOV [TAPAYOHEVOV SEIYIATOV
AxrpiBela Medwdiag: Afodoyel v eubuypappion v KAacewv ouxvotiev (C, C#, ..., B
oUVoAO 12) oe Baon Kapé-Kape petaiy Tou apX1KoU 1X0U KAl autoU IOV ITPOKUIITEL ATTO TV
epappoyr) tou Prompt-to-Prompt [33].

Zuoyxéton Auvapikig: Avagépetat otn oucxéuon Pearson petady tov apXKoOV TGOV

duvapikhg oe Paon Kapé-KApé KAl TOV TIPOV ITOU IIPOKUITIOUV A0 TV eQAPIOYI] TOU

m Airtfloua Tneoig



Extetapévn EAAnvikr) ITepiAnyn

Configuration | T2A Similarity | A2A Similarity
Hard-blending | 0.836 ¥ 0.087 0.400 ¥ 0.152
Soft-blending 0.849 ¥ 0.094 0.414 ¥ 0.157

Table 1. Text-to-Audio & Audio-to-Audio Cosine Similarity with regards to blending strat-
egy.

Prompt-to-Prompt [33].

Rythm F1 Score: Metpd v euBuypdpion 1@V EKTIIOPEVOV XPOVIK®OV ONHEIQV TOV KTUIT-
patev (beats) Kat towv KUP1OV Kunnuateyv (downbeats) [34, 35]petadu tou apX1KoU 1X0U Kat
TOU MAPAYOHEVOU 1)X0U ATto tnv epappoyr] tou [pourt-to-Tlpourtt. Ot XPOVIKEG OTIYHEG TRV
KTUTINPATOV/KUPLOV KTUMPAtev AapBdavoviatl pe v epappoyr) evog gidtpou HMM [36]
otig rmbavotnteg rmou ektp®vIal yia kabe kapé. H eubuypappion Sewpeitat emruxng av n
81a¢popd TV XPovIK®V onpeimv eival pikpotepn aro 70 xidtootd tou SeutepoAérnou [35].
CLAP Score: [37, 38]ASi0Aoyel Vv IpoonA®won oty KEWHEVIKI] €VIOAT] urodoyidoviag v
ouvnuttovoeldr] opotdtta petady v embeddings Keyiévou Kat Tou fXoU rou egayoviat
arto 1o poviédo CLAP. To CLAP eivat éva poviédo Suthol Kedikorout] pe §EXmplotoug
K®O1KOMONTEG yla 11§ £10000UG KEIPEVOU Kal 1Xou. Autoi o1 Kedikoroutég pabaivouv va
EVOONUATOVOUV KETPEVO KAl X0 O £va Koo Xopo [37, 38].

Ategdyoupe éva apX1ko neipapa Ornou cuotpatikd petaBdaAAoulie ToV aviKTuIo -ioxug
EVTOANG - TWV EYXUOHEVROV XAPTOV IIPOCOXING OTNV MAPAY®YL 1)X0U, aufavoviag otadtakd
v enidpaor twv Aekukov urnodei§ewv otnv enefepyaocia. Yrodoyidoupe t péon ocuvnuitovn
opo10TNTA PETASU TRV APXIKOV KAl EMEEEPYAOPEVROV EVIOAGOV 1000 oto mAaiolo Hyog-ripog-
'Hxog 000 xat Keipevo-ripog-Hyxo. H ypagikn) apdotaon 2 Seixvel ot o enefepyaopévog
nxog Statnpet tig 1610TTeEG TOU APYXIKOU, OTIOG UTIOSEIKVUETAL ATIO TNV UPNAT p€or ouvnpui-
tovn opototnta ‘Hyou-nipog-"Hyo kat ) péon ouvnpuitovn opowotnta Kempévou-npog-"Hyo pe
MV ApPXIKN €VIOAL, rou mapapével otabepr) aveapt)wg g ioxvs evtoAne”. Erumhéov,
N péon ouvnuitovry opototnta Kepévou-nipog-Hyo pe tv enefepyaocpévn eviodr), n oroia
rapapévetl otabepr), avadelkvuel OTL 0 eMESEPYAOEVOG 1)X0G TTAPAPEVEL EUBUYPAPIIIOIEVOS
HE TNV Meepyaopévn EVIOAT avedaptntag tng ioxus evtong .

Erurméov, aflodoyoUpe tnv anotedeopatikomia g HAaAakng avape§ng XapaKinpio-
TIKOV 8100TaUpoUPEVIG TIPOCOXIG TIOCOTIKA, UTTOAOYidoviag PETPIKEG oUVNIiTOVNG OO0t -
tag ‘Hyou-mpog-Hyxo xkat Kepévou-ripog-"Hyxo petadl tov mapayopevev detypdiav 1)Xou
KAl g enedepyaopévng eviodris. Ot tipég ouvnpitovng opowotntag ‘Hyou-mipog-Hyo xkat
Kempévou-nipog-"Hyo umoldoyiloviat g pécot 6pot oe 0AOKANPO 1o ouvolo Gedopévav, 61-
aopalidoviag pla OUVOAIKY] KAl AVIKEWEVIKE a§loAoynon. ‘Oneg urodeikvuetal anod tov
mivaka 1, n xprion g palakig avapeing odbnyel oe uwnlddtepeg PEOEG TIREG oUVNRL-
tovng opototntag ‘Hyou-nipog-Hyo kat Kempévou-nipog-Hyo. Znpeidtéov, 1 TUITKY AOK-
Alon niapapével oxetkd otabepr), unoypappidoviag v aglormotia kat ouvéneta g pebodou
HaAaKAg avapei§ng.

TéAog, £MBIOKOUPE VA €PEUVICOOUNE TNV ATIOTEAEOPATIKOTNTA ToUu Prompt-to-Prompt
0600V agopd v enegepyaoia nyou egetadoviag 1600 Povigda S1axuong 0600 KAl AUTOTTaAV-

Spopkd poviéda. Autr) n) e§epelvrorn OTOXEUEL VA TIPOCPEPEL YVAOELS Y1a TA MAEOVEKTPATA

Aitflopa Tneowg



Extetapévn EAAnvikn ITepiAnuyn

0.75/ .

- i —e— Audio to Audio Cosine Similarity ]

—o— Text to Audio Cosing Similarity (Edited) |
lext to Audio Cosin¢ Similarity (Source) .

T T T T
|

0.4 {——=> | AN oA
2 VR NS B B B I

0 20 40 60 80 100
Prompt Strength %

Figure 2. Evaluation of audio and textual alignment with regards to "prompt strength’”.

K1 TOUG IEPLOPIoPOUS AUTOV TOV HOVIEA®V OXETIKA He ) enesepyaoia fxou. H Paoikn) pag
otpatnyiky xpnowpornotet 1o Auffusion [10], pa nipoogyyion Paoiopévn ot Siaxuon. Auth
1 p€bodog svompatoverat pe 1) pebodoroyia Prompt-to-Prompt, mapéyoviag pa faon ya
v egepevivnon kabodnyoupevng anod eviodr) enegepyaoiag nxou. EmumAéov, elodayoupe pa
EVAAAOKTIKY] EVOOUATOVOVIAG £Va IIPO-EKITABEUPEVO AUTOTTAAIVEPOIIKO PoViEdo, ovopatt
MYZITEN [23].

Ot petpikég unodoyidoviatl wg €001 6pot 0 0OAOKATPO TO GUVOAO §e50EVROV KAl ITApoUotd-
{ovial ot ypagikr] mapdotaocn 3 eve avaAutikd aroteAéopata rmapouotadovial oTov Tivaka
2. 'Onwg eaivetao, 1o MUSICGEN urnepéxet tou Auffusion oe 0Aeg T1g petpireg aglodoynong.
Aarpénel otnv akpiBela pedwdiag, mapouotddel avotepn Op010TNTA TOC0 HE TOV APX1KO X0
000 Kal € TV EVIOAR 0T0X0, Kal Semepvd onpavukda to Auffusion otn cuoyxétion Suvapikng
xat 1o Rythm F1 Score. H pebobdoloyia pag, yxprnowporoidviag v texviky Prompt-to-
Prompt oto rmAaiolo evog autoraAvépopikoU HOVIEAOU J1e OTOXO TNV EMegepyaciag 1xou, urt-
epexet tou Auffusion. Eivai onpaviiko va avagepBel nwg mpoKettal yat v Pt eMTUX)
xprjon tou Prompt-to-Prompt oto mAaioco ernefepyaciag fxou pe autornailivépopiko Hov-
téAo.

IMa va ekuprooupe oco kadd n peBodog pag Siatnpel ) QUOKOTNTA KAl T CUVOXT)
HE TOo apXKO NXNUKO replexopevo, kadéoape 24 afodoynieg kat Sie€nyape pa peAén.
H pelén Sekivnoe pe toug ouppetéxovieg va agloAoyouv euyn nxnukov KAt Sidpreiag 10
deuteporénmwv. Kadouviav va ermdégouv 1o kAT oe KABe (eUyog rou epdpavide Tov UPnAotepo

Babpo puowkdtntag (opoldtnta pe yveootd Poucikda opyava avii yia 96pubo rAm.). Autd ta

m Diploma Thesis



Extetapévn EAAnvikr) [MepiAnyn

Melody Acc.
1.0
—— Auffusion
0.8 —— MusicGen
0.6
. 0.4 _
T2A Sim. Dynamics Cor.

A2A Sim. Rhythm F1

Figure 3. Average evaluation metrics across editing mechanisms for both Auffusion and
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Figure 4. Distribution of MOS (Mean opinion score) in the case of Auffusion per evaluation

Diploma Thesis m



Extetapévn EAAnvikn ITepiAnuyn

Edit Model Alignment | Dynamics | Melody | Tempo
Refine Auffusion 2.76 2.57 2.41 2.81
Refine MUSICGEN 3.43 3.08 3.22 3.62

Replace Auffusion 2.91 2.80 2.44 2.74
Replace | MUSICGEN 3.05 3.07 3.16 3.56
Reweight | Auffusion 2.78 2.88 2.58 2.78
Reweight | MUSICGEN 3.54 3.24 3.38 3.86

Table 2. Comparison of audio editing capabilities of MUSICGEN and Auffusion based on
MOS (Mean opinion score) of faithfulness.

Edit Model Naturalness
Refine Auffusion 35.14%
Refine MUSICGEN 64.86%

Replace Auffusion 40.00%
Replace | MUSICGEN 60.00%
Reweight | Auffusion 17.95%
Reweight | MUSICGEN 82.05%

Table 3. Comparison of audio editing capabilities of MUSICGEN and Auffusion based on
MOS (Mean opinion score) of naturalness.

KA, TIpogpxoviav ano v i61a AeKTikr) evioAr] aAdd eixav mapaxBet anod Siadopetika pov-
téda - Auffusion kat MUSICGEN. Ztr) ouvéxeld, 01 CGUPHEIEXOVIEG A§I0AOYNOaV TV mototta
16 tuyaiov euymv ReEPEVOU-1XOU OTo ouvolo dedopévev pag. Kdabe {euyog mepiedapBave
1000 TNV apX1Kn AEKTIKY EVIOAN] KAl TOV X0 000 KAl pia ernegepyaopévn exkdoyrn. Ot oup-
petéxovieg agloAoynoav 10 KATd rmooo O EMESEPYACEVOS 1)X0G TIAPAPEVEL TTIOTOG OV APX K
€xdoor), AapBavoviag uroyn Paocikd otoryeia onwg n pedwdia, o pubpog kat n Suvapikn, Ka-
9wg kat v eubUYPAPIOT] TOU Pe TV eNnegePyAoHEVE] AEKTIKY] €VIOAT], Pabpoloywviag auta
1a XapaKInpelotika oe pia kAipaka Likert [39] and 1o 1 ¢wg 10 5. Baoel tov anotedeopdtov
Tou mivaka 3, 1 péBodog pag mapdyetl NXNTIKA KAUT 1ou Se@prifnkav 1mo @uotkd arnod toug
ouppetEXovieg ot peAtn pag. Ot Méoot 'Opot I'voung (MOS) yia kabe Kp1tfiplo ameikovi-
Jovtal otig ypadikeg mapaotdaoeig 4 kat 5. 'a va eKTIPIr|oouie ) OTATIOTIKT CNPAVIIKOTTA
TOV ATOTEAEOPAT®V [aG, XPNOIoooupe éva | oudeuypévo t-test yia tig katavopég Ba-
SpoAoyiwv yvoung. O mivakag 4 ouvowidel ta p-values 1mou mpokuItouy, deixvoviag ot 1
BeAtiowon mou eruteuxOnKe pe ) XPL O TG IIPOTEWVOHEVNG TEXVIKIG EMEEEPYATIAG POUOIKIG
oe ouvbuaopo pe 1o poviédo MUSICGEN &erepvd onpavukda t) Baorn.

Yuvoyilovtag, e§epeuvrioape ) xpron 6Uo poviédwv yia v enegepyaocia fxou: Auf-
fusion xat MUSICGEN. Eexwrjoape pe to Auffusion, exkpetadAeudpevol 11§ UNIAPYXOUOES
duvatomtég ou ya enefepyaocia Bacet odnywv. Erurdéov, sioayayape pia evaAAakruike)
nipoogyytlon evoopatovoviag 1o MUSICGEN, éva mpoekraldeupiévo autornaAtvopoiiko pov-
TEA0 YVOOTO yla TG MIPONyHEveS duvatotnteg tou. [Ma va evomplatoooupe T0 OUYKEKPIHEVO
poviédo pe v texvikn Prompt-to-Prompt, epappooape ) dabikacia €10aywyng xaptov

POCOXI|G 0t 0Ad ta Xpovika Prjpata. Eruréov, slofjyape ty teXViK) tng palakrg avapegng,
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Melody Dynamics Tempo Alignment
266x10712 | 232x10™% | 2.85x107° | 3.76 x 1079

Table 4. p-values, obtained using an unpaired t-test, indicating the statistical significance
for the opinion scores obtained from the human study.
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Figure 5. Distribution of MOS (Mean opinion score) in the case of MUSICGEN per evaluation
axis.

1] OTTO1a EVOVEL TOUG XAPTES XAPAKINPIOTIK®V TTOU TTAPAYOVIAl PE TOUG E10aYOHEVOUG, XP1Ot-
porowwvtag €vav {uylopévo péco 6po yua v £5o6o. Autr 1 véa pébodog otoxeuel otn
BeAtinon g oldNTag 1OV MAPAYOHEVEOV SEYHIATOV AVATIAPAYOVIAG TNV APXIKI] IIPOCEYY10T)
Baotopévn ot Siayuon, omou 1 teXvikiy Prompt-to-Prompt epappodetat yia éva mpoxka-
Sopiopévo mArBog enavainpewv. Ztnv a§loddynon pag, 1o MUSICGEN urneptepei tou Auf-
fusion Bdaocetl 6A®V OV PEIPIK®V a§loAoynong Kat o OAeg 11§ Katnyopieg enedepyaoiag. Tuy-
KeKp1Péva, eppavios UPnAdtepn akpiBela otnv avanapayeyn peAndidv, kaAutepn opoldtnta
1000 PE TOV ApX1KO X0 000 KAl HE TNV VEA KEIPEVIKI] EVIOAL], KAl LEMEPACE ONUAVIIKA TO
Auffusion otn duvapikr) ouoyétion kat 1o Rythm F1 Score. H peAét avtr) onpatodotei tnv
PO EMTUXNUEVH eQAPHOYE TG TeEXVIKAG Prompt-to-Prompt oto mAaico enefepyaciag
1XOU € autonaAtvEpopika PHoViEAd.

MedAdovuikd, 9a 9éAdape va xpnowpornorjocoupe ) PpEBodo pag yua ) dnuoupyia evog
ouvoAou Sebopévmv enegepyaoiag fX0U oU arotedeital anod {EUYT KEIPEVIKGOV EVIOADV Kl
6edopévav 10U, TAPEXOVIAG MOAUTIHOUG TIOPOUS Yid MEpattépw® £psuva. ErmmAéov, oto-
XEUOUPE va IPAYHATOIIO|COUNE EKTEVEIS PEAETEG XPNOTOV, EIMIKEVIPRIEVES 181aitepa otnv
rolklAopopdia g eBVIKNAG HOUCIKNG KAl 0Ta KOWV®VIKA rAaiola, rpoketpévou va aglodoyn-
OOUJIE TNV ATOTEAECPATIKOTTA KAl TV EVOOUATOOT] TRV ITPOTEIVOUEVROV TEXVIKMV EIEGEP-

yaoiag fxou o€ 51apopetikeég KOUAtoupes. O pnyaviopog npocoxng tou MUSICGEN, ouykev-

Diploma Thesis m



Extetapévn EAAnvikn ITepiAnuyn

TP®VEL OAN Vv mAnpogopia o pia pévo ) mpoooxng. H emékraon autou tou pnxavicpou
Sa erérperte v nepetaipe diepevvnon tng aAAnAemnibpaong petady twv dakpiukev tokens
KEWPEVOU KAl 1X0U Kal Ya propouoce va odnyroel og onpavilkeg PEATIOOEIG OtV o0t Ta

enegepyaoiag fyou.
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Chapter “

Introduction

Obtaining satisfactory outcomes in audio manipulation tasks has typically required
large datasets with intricate annotations, a process that is often labor-intensive and
costly. Moreover, crafting effective model architectures tailored to the nuances of au-
dio processing requires substantial expertise and experimentation. Fine-tuning existing
model architectures, while a possibility, remains a costly endeavor.

In this work, we employ prompt-guided models in the audio domain, and, specifically,
we adapt the Prompt-to-Prompt [1] technique, previously successful in image manipu-
lation, to audio editing. This approach allows for fine-grained, semantically meaningful
audio editing without the need for model retraining or additional data. Prompt-to-Prompt
leverages cross-attention maps to control the generation process, enabling users to influ-
ence how generated data units interact with tokens. This versatility enables tasks such
as token value changes, global audio editing, and the manipulation of semantic effects
without modifying the underlying model.

We apply Prompt-to-Prompt for the task of music editing and adapt it for an auto-
regressive prompt-based model. This marks the first successful use of prompt-to-prompt
in the auto-regressive model audio editing context. Our extensive evaluation demon-
strates these techniques’ potential for intuitive text-based audio editing. Our key contri-

butions are:

1. We explore the utilization of a pre-trained frozen auto-regressive transformer model,
initially designed for generating high-quality music samples from a given text prompt,

for audio editing.

2. We design and implement three distinct audio editing mechanisms, inspired by

those presented in [1].

3. We evaluate our auto-regressive transformer model-based approach against existing
diffusion-based methods using automatic music-related metrics and feedback from

users.

This work was submitted to ISMIR (International Society for Music Information Re-
trieval) 2024 conference. This document is organized as follows; Part I introduces the

reader to basic concepts and ideas that are related to the problem at hand rather than
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completely reviewing the domain. Part II provides a more formal description of the prob-
lem and elaborates on our technical approach. Part III presents the outcomes of our
diverse experiments and offers conclusions on our work, highlighting the advantages and

limitations of our framework, while also suggesting avenues for future research.
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Chapter a

Transformers

This chapter provides an introduction to fundamental concepts in deep learning, in-
cluding artificial neurons, which serve as the foundational units of artificial neural net-
works (ANNs). The chapter also explores Feed Forward neural networks and the Single
layer perceptron and finally the Transformer architecture, unraveling its complex atten-

tion mechanism.

Deep learning (also known as Deep Structured Learning) is part of a broader family
of machine learning methods based on artificial neural networks with representation

learning.

Representation learning or Feature Learning is a set of techniques that allows a
system to automatically discover the representations needed for feature detection from
raw data. This replaces manual feature engineering, which is the process of using domain
knowledge to extract features (characteristics, properties, attributes) from raw data, and
allows a machine to both learn the features and use them to perform a specific task.
By the term feature, we refer to an individual measurable property or characteristic of
a phenomenon. Features are usually numeric, but structural features such as strings
and graphs can also be used. The concept of "feature” is related to that of explanatory

variables used in statistical techniques such as linear regression.

Artificial neural networks (ANNs) were inspired by information processing and dis-
tributed communication nodes in biological systems. ANNs, though are quite different
from biological brains. ANNs are comprised of an input layer, one or more hidden layers,
and an output layer. Each node or artificial neuron has inputs and produces a single
output that can be sent to multiple other neurons. The inputs can be the feature values
of a sample of external data, such as images or documents, or they can be the outputs of
other neurons. The outputs of the final output neurons of the neural net accomplish the

task, such as recognizing an object in an image.

An ANN wherein connections between the nodes do not form cycles or loops is referred
to as Feed-Forward Neural Network. The Feed-Forward Neural Network was the first
and simplest type of artificial neural network devised. In this network, the information
moves in only one direction, forward from the input nodes, through the hidden nodes (if

any), and to the output nodes.
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2.1 An Artificial Neuron

Artificial neurons are elementary units in an artificial neural network. The artificial
neuron receives one or more inputs and sums them to produce an output. Each input is
separately weighted, and the sum is passed through a non-linear function known as an
activation function.

Other than the neuron’s weights, another term is added to the total sum before being
passed through the activation function. This term is the so-called bias. Bias allows you to
shift the activation function, analogously to a constant in the context of a linear function,

whereby the line is effectively transposed by the constant value.

Figure 2.1. An artificial neuron. This visualization was produced using code adapted from
David Stutz’s work [40].

2.2 Single-Layer Perceptron Network (SLP)

The simplest kind of neural network is a Single-Layer Perceptron Network, which
consists of a single layer of output nodes; the inputs are fed directly to the outputs via
a series of weights. The sum of the products of the weights and the inputs is calcu-
lated in each node and passes through a, commonly non-linear, function. Single-layer
perceptrons are only capable of learning linearly separable patterns.

For a given artificial neuron k, let there be m + 1 inputs with signals xp through x;,
and weights wy o through wy . To achieve a bias-inclusive representation, the xp input
is assigned the value +1 and corresponds to the neuron’s bias, with wyo = bx. Then the

output of neuron k is given by the following equation:

Y = 47(2 Wi jX;) (2.1)
j=0

where ¢ stands for the activation function of choice. This operation is demonstrated

by Figure 2.1, where k is left out as we are demonstrating the case of a single neuron.

2.3 Transformer

The Transformer architecture, introduced in [41], was originally employed as a sequence-
to-sequence [42] model designed for machine translation. The Transformer has been
successfully adopted in computer vision [43, 44, 45], audio processing [46, 47, 48], and

other scientific fields [49, 50]. The transformer involves tokenizing text to numerical rep-

m Diploma Thesis



2.3.1 Self-Attention

resentations, contextualizing tokens within a window of context, and employing parallel
multi-head attention. This process emphasizes important tokens while diminishing the
relevance of less significant ones, enabling the Transformer to capture extensive depen-

dencies and contextual details within sequences effectively.

2.3.1 Self-Attention

The self-attention mechanism computes a set of attention scores, often referred to as
attention weights, for each element in the input sequence. Given an input sequence of
embeddings X = {x1, X2, . .., X,}, the self-attention mechanism computes a set of attention

scores a;; for each pair of words i and j:

. ( QKT)
Attention(Q, K, V) = softmax (2.2)

Vi
Here, Q, K, and V are the query, key, and value matrices obtained by linear projec-
tions of the input embeddings. The division by +/dj helps stabilize the gradients during
training, where dj. is the dimension of the key vectors. The output of the self-attention
mechanism is a weighted sum of the values V, where the weights are determined by the

attention scores.

2.3.2 Multi-Head Attention

To capture different aspects of the relationships between words, the self-attention
mechanism is often extended to multiple heads. The outputs of these heads are concate-

nated and linearly projected as follows:

MultiHead(Q, K, V) = Concat(heady, ..., heady)Wp (2.3)

where head; = Attention(QWg,;, KWkg;, VWy;) and Wy, is the output projection matrix.

2.3.3 Positional Encoding

Since the model processes tokens in parallel rather than sequentially, it requires
a mechanism to differentiate between the positions of tokens. In [41], Vaswani et al.
introduced the concept of positional encoding. This involves adding positional encodings
to the input embeddings of the tokens, allowing the model to discern the order of tokens
in a sequence. The positional encoding is usually implemented using sine and cosine

functions:

PE( 2i) = si ( pos ) (2.4)
0S, 21) = sin| —————— .
b 100002i/d
PE(pos, 2i + 1) cos( pos ) 2.5)
0S, 21 = _— .
b 100002/

Here, PE(pos, 2i) and PE(pos, 2i + 1) represent the positional encoding for the pos-th

position and the 2i-th and 2i+ 1-th dimensions, respectively. The term d is the dimension
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of the positional encoding. This positional encoding is then added to the input embeddings
of the tokens. The resulting embeddings contain both the semantic information of the
tokens and positional information, enabling the model to consider the order of tokens

during processing.

2.3.4 The Encoder & Decoder Stacks

The complete Transformer model is composed of an encoder and a decoder. The
encoder processes the input sequence, and the decoder generates the output sequence.

The encoder consists of a stack of N = 6 identical layers, each featuring a multi-
head self-attention mechanism and a position-wise fully connected feed-forward net-
work. Residual connections and layer normalization surround each of these sub-layers,
maintaining stability during training. The dimensions of the model outputs are set to
dodel = 512 to facilitate these residual connections. On the other hand, the decoder,
also comprising N = 6 layers, extends the encoder’s design by introducing a third sub-
layer for multi-head attention over the encoder’s output. Residual connections and layer
normalization persist, with a modification in the self-attention sub-layer to prevent po-
sitions from attending to subsequent positions. This alteration, coupled with output
embeddings offset by one position, ensures that predictions at position i depend solely on
known outputs at positions less than i.

The Transformer model leverages multi-head attention in distinct ways within the
encoder and decoder stacks. In "encoder-decoder attention" layers, queries originate
from the previous decoder layer, while memory keys and values come from the encoder
output, allowing each decoder position to attend over all encoder positions. Encoder
self-attention layers enable each position in the encoder to attend to all positions in the
preceding encoder layer. Similarly, self-attention layers in the decoder facilitate each po-
sition’s attention to all positions in the decoder, preserving an auto-regressive property.
To prevent leftward information flow in the decoder, masking is applied to illegal connec-
tions, implemented within scaled dot-product attention by setting corresponding values
in the softmax input to co.

This chapter explored artificial neurons and Single-Layer Perceptron Networks. These
foundational concepts pave the way for grasping the Transformer architecture, a ground-
breaking advancement in deep learning. The Transformer utilizes the attention mecha-
nism to process sequential data efficiently, capturing complex dependencies within se-

quences.
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Diffusion Models

In this chapter, we delve into the mechanics of the diffusion process. Furthermore,
we explore advancements in diffusion modeling, such as classifier-free guidance [51] and
latent diffusion [52].

Sohl-Dickstein et al. introduced the diffusion probabilistic model [53], or diffusion
model for short, which has dominated the task of image synthesis [54, 55, 56, 57] and
has shown promise in various domains, ranging from computer vision [58, 59, 60] to
natural language processing [61, 62] as well as other domains [63, 64, 65, 66, 67]. A
diffusion model is a Markov chain with parameters trained via variational inference. It
generates samples that match the data within a set timeframe. The chain’s transitions are
trained to reverse a diffusion process, gradually adding noise to the data opposite to the
sampling direction until the signal is lost. When the diffusion involves Gaussian noise,
setting the sampling chain transitions to conditional Gaussians simplifies the neural
network parameterization. In the following sections, we describe the forward and reverse

diffusion trajectories in more detail, based on the work of Ho et al. [55].

3.1 Forward Trajectory

Given a data distribution q(xp), the forward process consists of gradually converting
q(xp) into a well-behaved distribution m(y) by repeated application of a Markov diffusion
kernel. The approximate posterior g(xi.; | xp), called the forward trajectory, is fixed to a

Markov chain that gradually adds Gaussian noise to the data:

q(x1: | X0) = l_[ alx | x¢-1) (3.1)
t=1
q(xi | xe-1) == N(x¢; V1 = Bixi—1. bd) (3.2)

where f31,--- 8, are the forward process variances. These can be learned by or held
constant as hyperparameters. The forward process admits sampling x; at an arbitrary

timestep t in closed form as such:
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a(x¢ | X0) = N(x¢; v aexo, (1 — ap)I) (3.3)
t

a = ]_[ as (3.4)
s=1

a; = 1- bt (35)

3.2 Reverse Trajectory

The reverse trajectory ps(xp.r) is defined as a Markov chain with learned Gaussian

transitions starting at ps(x;) = N(x; 0, I):

Po(xo) = Po) | | Polxio1 %) (3.6)
t=1

Po(Xx—1 | X¢) = N(X¢—1; pa(xt, 1), 09(x¢, 1)) (3.7)

Training a DPM amounts to maximizing its log-likelihood. Given a data point xp a

DPM assigns it a probability equal to:

pa(xo):fpa()%:T)dxl:t (3.8)
:fpa(xO:z)delzz (3.9)
q(x1:¢ | xo0)
= f i | o) 22001 (3.10)
q(x1:¢ | x0)
=fq(X1:z|xO)dxl;r (3.11)
_ (x)l—[ Po(Xi—1 | X¢) (3.12)
~ Pol q(xt | x-1) '

Instead of maximizing the log-likelihood of the model Sohl-Dickstein et al. [53] used
the negative log-likelihood L as a cost/score function and optimized the model using
a conventional gradient descent approach. The negative log-likelihood L is defined as

follows:
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L= Eq Pa(xo:1) :| (3.13)
q(x1:z | X0)
=E,|-log ps(x;) — Z log pa(xt—llxt)l (3.14)
i ~ q(x | xi-1)
e |- log pate) — 3 log Polic1 | x0) o Palxo ] x) 515
1 Y4 gl | xe) q(x | xo)
» po(xi-1 | X)) g1 | Xo) Pa(xo | x1)
=E,|-log ps(x;) — lo . —lo (3.16)
a| TR ; % di 1% x0)  d(xi | x0) a1 | %o0)
ple Xe—1 | X
=B, Po(x:) _ Z log Pa(xt—1 | xt) ~ log ps(x0 | X1) (3.17)
qx. | x0) 4~ 7 qlx-1 | Xt x0)
L has a lower bound provided by Jensen’s inequality:
L=E, [— lo M} (3.18)
q(x1:¢ | x0)
> Eq [-1og pa(x0)] (3.19)
=K (3.20)

Training consists of finding the reverse Markov transitions which maximize this lower
bound K on the log-likelihood. Given that we can sample the forward process at an
arbitrary timestep t, we optimize random terms of L with stochastic gradient descent,

yielding much more efficient training.

L can be rewritten in terms of KL divergence as such:

Eq | Drr(q(xr | x0) || pa(x2)) + ZDKL(q(xt—l | Xt %0) |l Pa(xt-1 | x0)) = log pa(xo | x1) | (3.21)
t>1

The forward process posteriors are tractable when conditioned on xp:

q(xe-1 | X¢, X0) = N(x¢-1; fu(xt, X0), BeL) (3.22)
R V- B a;(1 - Gi-1)
fe(x¢, x0) = o + Ve — X (3.23)
1-a 1-a
N 1-a
Bi=—"FT2Lb (3.24)
1- ag

All KL divergences are comparisons between Gaussians, so they can be calculated in
a Rao-Blackwellized fashion with closed-form expressions instead of high-variance Monte
Carlo estimates.

In their work [55], the authors opt to set the forward process variances S3; as con-

stants rather than learnable parameters. Consequently, the approximate posterior g
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lacks any learnable parameters, leading to Eq [Dki(q(xr | Xo) || ps(x;))] remaining con-
stant throughout training, and thus negligible. Furthermore, for the reverse process,
the authors set ¥5 = o2l as untrained time-dependent constants. Similar outcomes
can be achieved by setting ot2 ‘B¢ and ot2 At. Moreover, considering the analysis of L; with

pa(Xi—1 | X¢) = N(x¢1; Ha(xt. t), 021), we have

1
Eq [Drr(q(xi-1 | Xt. %0) || pa(xi-1 | x¢))] = Eq 202 llds (e, X0) = pa(xt, H)|I* + C (3.25)
t

where C is a constant independent of §. The most direct parameterization of us would

involve a model that predicts fi.

3.3 Classifier-free guidance

To enhance the quality of samples generated by diffusion models, previous work [68]
introduced classifier guidance, which involved leveraging an additional trained classifier.
This technique enabled the generation of low-temperature samples, a capability that was
previously unknown in diffusion models as simple approaches such as scaling model score
vectors or reducing Gaussian noise during diffusion sampling proved ineffective. Classifier
guidance mixed a diffusion model’s score estimate with the input gradient of a classifier,
allowing for a trade-off between Inception Score (IS) and Fréchet Inception Distance (FID).
Building upon this, [51] introduced classifier-free guidance, eliminating the need for an
additional classifier. Instead of sampling based on the gradient of an image classifier,
classifier-free guidance combines the score estimates of a conditional diffusion model and
a jointly trained unconditional diffusion model. By adjusting the mixing weight, they
achieve a similar FID/IS trade-off as with classifier guidance. Their results demonstrate
that pure generative diffusion models can produce highly realistic samples, showcasing
the effectiveness of classifier-free guidance in synthesizing high-fidelity images.

Both classifier and classifier-free guidance alter the original denoising objective:

€a(zp, ¢) ¥ —0pV 4, log p(zalc) (3.26)
minEzo, e ~ N(0, ), t ~ Uniform(1, T) e — ed(z, o) (3.27)

Dhariwal et al. [68] introduced a method to achieve a truncation-like effect in diffusion
models. This method involves incorporating classifier guidance into the diffusion score.
Specifically, they modify the diffusion score to include the gradient of the log-likelihood
of an auxiliary classifier model, denoted as ps(c|z;). This modification results in a new

Score:

€a(zp, ©) = €3(zp, ) — @OV 4, log ps(clzn) (3.28)

~ =03V [log p(zjlc) + @log ps(clzp)] (3.29)
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where o is a parameter that controls the strength of the classifier guidance. €s(zp, ¢)
is then used in place of €5(z5, ¢) when sampling from the diffusion model. The key impact
of this modification is to give higher importance to data that the classifier ps(c|z;) assigns
a high likelihood to the correct label. In other words, data that can be effectively classified
receives a higher score on the Inception score of perceptual quality. This design effec-
tively rewards generative models for their ability to produce data that can be accurately
classified, thereby enhancing the quality of generated content.

While classifier guidance successfully balances the trade-off between IS and FID, as
anticipated in truncation or low-temperature sampling, it remains reliant on gradients
derived from an image classifier. The integration of classifier guidance introduces com-
plexities into the training pipeline of diffusion models, as it necessitates the training of an
additional classifier. Moreover, this classifier must be trained on noisy data, making it
generally impractical to employ a pre-trained classifier in this context. Instead of opting
for the training of a distinct classifier model, classifier-free guidance [51] introduced by
Ho et al. involves the training of two interconnected models: an unconditional denoising
diffusion model ps(z), parameterized by a score estimator €s(zp), and a conditional model
ps(z|c), parameterized by €s(z5, ¢). Both models share a common neural network for pa-
rameterization. In the case of the unconditional model, we can simply input a null token
0 as the class identifier ¢ when predicting the score, denoted as es(zp) = €s5(z3, ¢ = 0).
To facilitate the training process, we jointly train both the unconditional and conditional
models. This is achieved by randomly assigning the unconditional class identifier 0 to c
with a specified probability, which is set as a hyperparameter. During sampling, we utilize

a linear combination of the conditional and unconditional score estimates as follows:

€s5(zp, ¢) = (1 + w)es(zp, ¢) — wes(zp) (3.30)

The results demonstrate that classifier-free guidance has the capacity to balance the
trade-off between FID and IS, much like classifier guidance. In the absence of a classifier
gradient, moving in the direction of €5(z3, c) cannot be construed as a gradient-based

adversarial attack on an image classifier.

3.4 Latent Diffusion

Rombach et al. [52] suggested moving from the high-dimensional image space to a
learned latent space with an autoencoding model. This makes diffusion models more com-
putationally efficient by sampling in a lower-dimensional space. This involves a two-stage
training process for perceptual image compression and latent diffusion. In the first stage,
an autoencoder is trained to create a lower-dimensional, perceptually equivalent latent
space. Rombach et al. employ a strategy that integrates perceptual loss and patch-based
adversarial objectives, ensuring reconstructions adhere to the image manifold. In the
second stage, termed "Latent Diffusion,"” a Diffusion Probabilistic Model (DPM) is trained
on the learned lower-dimensional latent space from the autoencoder, instead of the high-

dimensional pixel space. This not only makes training scalable but also facilitates efficient
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image generation with a single network pass. The autoencoder, trained in the first stage,
transforms the high-dimensional RGB image into a compressed two-dimensional repre-
sentation, allowing the DPM to work in a more suitable, computationally efficient space.
In [52], the model is extended to a conditional image generator by incorporating a cross-
attention mechanism and introducing another encoder, which transforms text prompts
into an intermediate representation for the UNet layers. The UNet [69] comprises a con-
tracting path for feature extraction, a bottleneck to retain essential information, and an
expansive path for precise localization. It incorporates temporal conditioning, giving rise
to the concept of a time-conditional UNet. In a time-conditional UNet, the architecture is
adapted to consider information across different time steps, making it applicable to tasks
where the input data has a temporal dimension.

Diffusion models have proven their effectiveness in producing realistic samples across
various domains. Classifier-free guidance improves sample quality without needing an
extra classifier. Meanwhile, latent diffusion employs auto-encoding techniques to make

computations more efficient without compromising sample quality.
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State of the Art

In this chapter, we delve into the state-of-the-art techniques in audio generation,

focusing on diffusion-based and auto-regressive models, as well as editing techniques.

4.1 Diffusion-based audio generation

Diffusion-based models have been widely explored for generation tasks in the audio
and music domains. Yang et al. [2] employ a Vector Quantised-Variational AutoEncoder
(VQ-VAE) [17] model trained on mel-spectrograms to convert them into discrete codes.
These codes are then fed into a diffusion model to generate audio signals. Make-An-
Audio [3] employs a spectrogram autoencoder, integrates Contrastive Language-Audio
Pretraining (CLAP) [4] and introduces a pseudo prompt enhancement approach, aligning
natural languages with audio data, enabling utilization of vast unsupervised language-
free data. AudioLDM [5] employs a Latent Diffusion Model (LDM) and addresses the
limitations of paired data methods by training generative models exclusively with audio
data. AudioLDM 2 [6] introduces the Language of Audio (LOA), employing AudioMAE [7]
pre-trained on diverse audio content. AUDIT [8] combines latent diffusion models with hu-
man instructions to generate edited audio segments using both audio and text cues. With
regards to music, TANGO [9], inspired by latent diffusion models (LDM) and AudioLDM,
utilizes a Large Language Model (LLM) instead of CLAP-based embeddings. Auffusion[10]
employs a pretrained Latent Diffusion Model (LDM) and HiFi-GAN [11] vocoder. Addition-
ally, the authors introduce a cross-attention mechanism that enhances alignment and
flexibility. MusicLDM [12], adapts Stable Diffusion and AudioLDM architectures to the
music domain. To address the challenge of limited training data, novel mixup strategies
are proposed: beat-synchronous audio mixup (BAM) and beat-synchronous latent mixup
(BLM). InstructME [13] leverages a tailored latent diffusion model, facilitating tasks such
as adding, removing, and remixing musical elements while preserving harmonic integrity

via chord progression matrices.

4.2 Auto-regressive audio generation

As an alternative to diffusion-based models for audio and music generation, autore-

gressive models have shown promise in recent years. WaveNet [14] introduced an auto-
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regressive classification method for speech synthesis, surpassing traditional concatena-
tive and parametric approaches, albeit with slower inference. AudioGen [15], has out-
performed Diffsound by employing auto-regressive modeling in discrete waveform spaces.
Jukebox [16] uses a multi-scale VQ-VAE [17] to compress raw audio into discrete codes,
which are then modeled using auto-regressive transformers. AudioLM [18] utilizes tokens
generated by a SoundStream [19] neural codec [20, 21] as targets for a sequence mod-
eling task. In [22], Agostinelli et al. introduce MusicLM, following a similar approach to
AudioLM but tailored for music editing tasks. MUSICGEN, a transformer-based decoder
introduced in [23], employs EnCodec [24] for audio tokenization. Text conditioning inte-
grates techniques like T5 encoder, FLAN-T5, and CLAP, while melody conditioning utilizes
dominant time-frequency bins to control melodic structure. The model also introduces a

framework for codebook interleaving patterns, improving efficiency and flexibility.

4.3 Editing techniques

Prompt-to-Prompt [1] leverages internal cross-attention layers to control which pixels
attend to which tokens, allowing tasks like token value changes, global image editing, and
semantic effects amplification/attenuation without model retraining. Textual Inversion
[25] utilizes a sequence of noised latent codes obtained from initial Denoising Diffusion
Implicit Model (DDIM) [70] inversion as a pivot and optimizes the null-text embedding.
By fine-tuning a pre-trained text-to-image model with a few images of a subject, Dream-
booth [26] associates a unique identifier with the object. Leveraging the semantic prior
embedded in the model along with a new autogenous class-specific prior preservation
loss, Dreambooth enables the synthesis of photorealistic images of the subject contex-
tualized in various scenes. In [27] the authors proposed Custom Diffusion, where they
optimize only a few parameters in the text-to-image conditioning mechanism to represent
new concepts. This approach performs on par with or better than existing methods while
maintaining computational efficiency. SVDiff [28], fine-tunes the singular values of the
weight matrices resulting in a compact parameter space, reducing the risk of overfitting
and language-drifting [29]. [30] employs Textual Inversion [25] and Dreambooth [26] to
personalize the outputs of AudioLDM for newly learned musical concepts in a few-shot
manner. In [31], the authors investigate two zero-shot audio editing techniques utilizing
Denoising Diffusion Probabilistic Models (DDPMs) [55] inversion on pre-trained diffusion
networks. Their approach, based on [32], involves extracting latent noise vectors corre-
sponding to the source signal and using these vectors in a DDPM sampling process to
guide the diffusion toward the desired edit. For text-based editing, they adjust the text
prompt given to the denoiser model. In the unsupervised scenario, they perturb the de-
noiser output along the directions of the top principal components (PCs) of the posterior.

Building upon the achievements of Prompt-to-Prompt and the superior audio qual-
ity of MUSICGEN, we aim to integrate them into an auto-regressive framework. This
will blend Prompt-to-Prompt’s editability with the high-quality sound of modern auto-
regressive models like MUSICGEN.
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Chapter E

Methodology

5.1 MUSICGEN

MUSICGEN [23] employs EnCodec [24], a convolutional auto-encoder utilizing Resid-
ual Vector Quantization (RVQ) for latent space quantization. The input, a reference audio
random variable X, is encoded into a continuous tensor with a lower frame rate (f;)
compared to the sample rate (fs). The continuous representation is then quantized into
discrete tokens (Q) using RVQ, resulting in K parallel sequences (for each time step), each
with T tokens, where K is the number of codebooks, and M is the codebook size. The
authors employ an autoregressive decomposition approach that predicts multiple code-
books simultaneously, and thusly greatly accelerates both training and inference. More
specifically, MusicGen employs a token interleaving pattern to generate all codebooks in
a single decoder pass, eliminating the need for cascading multiple models and making

inference much faster.

5.2 Prompt-to-Prompt

Consider an audio sample A generated using a text prompt P. By injecting the atten-
tion maps obtained during A’s generation into a new generation with a modified prompt
P*, we can perform a meaningful edit resulting in a new audio sample A* that preserves
the original’s structure. To address specific editing operations, we employ three editing

mechanisms akin to the ones introduced in [1]:

Replace: The user swaps tokens of the original prompt with others. For example replacing
an acoustic with an electric guitar (Figure 5.1). We inject the attention maps of the source
sample into the generation process with the modified prompt:

M;, ift<zt

Edit(My, M;, t) = (5.1)
M;, otherwise

where 1 is a timestamp parameter that determines until which step the injection is applied.

Refine: The user adds new tokens to the prompt. In this case, attention injection is
applied only to the common tokens shared by both prompts. Formally, we utilize an

alignment function A that takes a token index from the target prompt P* and outputs the
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corresponding token index in the original prompt P or 0 if there isn’t a match:

M)y, ifAG =0

(5.2)
(Mp)iag), otherwise

(Edit(My, M{, 1) = {

It’s worth recalling that index i corresponds to a value, while index j corresponds to a text
token. Once again, we may set a timestamp t to control the number of steps in which the

injection is applied.

Reweight: Finally, the user may wish to strengthen or weaken the extent to which each
token affects the result. To achieve this manipulation, we scale the attention map of
the assigned token j* with a parameter c ranging from -2 to 2, resulting in a stronger or

weaker effect. The attention maps for the other tokens remain unchanged:

¢ (M), ifj=j*

(5.3)
(My)i;. otherwise

(Edit(M;, M{, t));; = {

In the original implementation of Prompt-to-Prompt, utilizing text-guided diffusion
models [71], the output was decided early in the diffusion process. By restricting the
number of injection steps 7, the authors managed to steer the generation process while
maintaining flexibility in adapting the geometry to the new prompt. To align Prompt-
to-Prompt with MUSICGEN’s auto-regressive features, we apply the attention injection
procedure at all timesteps. Since MUSICGEN treats audio generation as a sequence-to-
sequence task, the notion of time doesn’t correspond to the application of an iterative
method like in the case of diffusion models, but rather to sampling new audio tokens.
Thus, to guarantee that edits affect the entirety of the generated audio, this adjustment
was deemed essential. As mentioned earlier, edits in the context of the original Prompt-
to-Prompt paper, tailored for diffusion models, were applied for a set number of iterations
of the diffusion process. This strategy aimed to strike a balance between generating
novel samples and preserving the essential characteristics of the original. Acknowledging
the auto-regressive nature of MUSICGEN, we investigate an alternative method: soft-
blending. This technique merges the feature maps generated during the forward process
with the injected ones, employing a weighted average for the output. Let X; denote the
feature map generated at time step t during the forward process, and let Y; represent the
injected feature map. The soft-blending technique combines these feature maps using a

weighted average to produce the output feature map Z;:

Zy = aX; + (1 — a)Yt (5.4)

where a is the blending parameter, with values between O and 1, and is expressed as:

a=—
N

where i represents the index of the current attention layer being considered and N repre-
sents the total number of attention layers in the decoder stack. This formulation ensures

that the blending factor dynamically adjusts based on the position within the decoder
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stack and replicates the original diffusion-based approach of prompt-to-prompt, where

edits are applied for a set number of diffusion iterations.

L
(

Decoder

s Decoder Layer e Decoder Layer
Attention Attention
N R —

Attention Injection Attention Injection

( Decoder Layer 4 Decoder Layer
Attention Attention

Source Prompt:
Acoustic Guitar Solo

Ve
Decoder

Edited Prompt:
Electric Guitar Soolo

Figure 5.1. Employing prompt-to-prompt throughout the decoder stack: The attention maps
corresponding to the source prompt are injected into the forward process using the edited
prompt at every decoder layer.
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Chapter E

Experimental Setup

6.1 Dataset construction

To evaluate our method, we initially create a dataset containing prompt pairs for
each editing mechanism: Replace, Refine, and Reweight. Each pair consists of original
and edited text prompts. Creating our dataset consists of two steps: (1) handpicking a
small group of prompt pairs, followed by (2) leveraging ChatGPT 3.5 to generate additional
pairs. This hybrid approach ensures a blend of manually crafted prompts and dynamically
generated ones, providing a diverse range of inputs for evaluation. We consider different
audio editing axes to organize our dataset effectively. Each axis represents a distinct
aspect of audio content, offering unique opportunities for creative expression and artistic

exploration:

e Instrument Change: Substituting one instrument or sound source with another,
enhancing the audio by adding nuanced details, or recalibrating the emphasis on
various sonic elements. This axis enables exploring diverse timbres, textures, and

sonic characteristics within the audio composition.

e Mood/Tonal Change: Mood/tonal change involves altering, changing, or enhancing
the emotional resonance and tonal nuances of the music. This axis encompasses
modifications that evoke different emotional responses or shift the overall tonal

coloration of the audio material.

e Genre Shift: Genre shift entails transitioning between different musical styles or
genres. This axis facilitates the exploration of diverse stylistic conventions, rhythmic
patterns, and instrumental arrangements across various musical genres. Genre

shifts offer opportunities for creative experimentation and genre-blending.

e Melodic Transformation: Melodic transformation involves altering the melodic
content of the music. This axis encompasses modifications to melodic contours,
intervals, motifs, and themes, allowing for creative reinterpretations and variations

of melodic material.

e Harmonic Modification: This axis encompasses changes in chord progressions,

harmonic rhythm, harmonic density, and harmonic tension, allowing for harmonic
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enrichment and exploration of tonal relationships. By exploring harmonic modifi-
cations, we can investigate how changes in harmonic progressions, chord voicings,
and harmonic textures influence the harmonic character and emotional resonance

of the music.

e Form/Structure Variation: Form/structure variation involves variations in the
overall form or structure of the music. This axis encompasses changes in sectional
arrangement, repetitions, transitions, and developmental processes, allowing for

structural experimentation and narrative exploration.

Using MUSICGEN and Prompt-to-Prompt (as defined for autoregressive models), we
generated 22 samples per edit category (Replace, Refine, and Reweight) with 5 random
seeds per prompt pair. This process was repeated for Auffusion resulting in a total of 660

generated samples across both models.

6.2 Automated music coherence evaluation metrics

We employ multiple common evaluation metrics to assess the musical characteristics
of the generated samples, including time-varying controllability, adherence to global text

control, and overall audio realism:

e Melody Accuracy: Assesses the alignment of pitch classes (C, C#, ..., B; totaling
12) on a frame-by-frame basis between the source audio and the one derived from

the application of Prompt-to-Prompt [33].

e Dynamics Correlation: Refers to Pearson’s correlation between the source dynam-
ics values on a frame-by-frame basis and the values derived from the application of

Prompt-to-Prompt [33].

e Rhythm F1 Score: Adheres to the conventional approach to detecting beats and
downbeats [34, 35], measuring the synchronization between the estimated times-
tamps of beats/downbeats derived from the source rhythm control and those gener-
ated from the application of Prompt-to-Prompt. Timestamps are obtained by apply-
ing an HMM postfilter [36] to the frame-wise probabilities of beats/downbeats (i.e.,
the rhythm control signal). Following [35], alignment between input and generated

timestamps is considered if their difference is less than 70 milliseconds.

e CLAP Score: [37, 38] assesses text control adherence by calculating the cosine sim-
ilarity between text and audio embeddings extracted from the CLAP model. CLAP is
a dual-encoder foundation model with separate encoders for text and audio inputs.

These encoders learn embedding spaces through a contrastive objective [72].
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We perform an initial experiment where we systematically vary the impact -"prompt
strength’- of injected attention maps in audio generation, gradually increasing the in-
fluence of textual cues on editing. We calculate the average cosine similarity between
original and edited prompts in both Audio-to-Audio and Text-to-Audio contexts. Figure
7.1 shows that the edited audio maintains the qualities of the original, as indicated by the
high mean Audio-to-Audio cosine similarity and the mean Text-to-Audio cosine similarity
with the source prompt, which remains consistent regardless of the "prompt strength”.
Additionally, the mean Text-to-Audio cosine similarity with the edited prompt, which

remains stable, highlights that the edited audio remains in alignment with the edited

prompt regardless of "prompt strength”.

0.8 | ’"’V" N .
0.7 | /
[ —e— Audio to Audio Cosihe Similatity ]
0.6 T —e— Text to Aufiio Cosiné Similaritly (Edited) |
I Text to Audio Cosine Similarity (Source) |

\ \ / )
1 1 1 | 1 1 1

2

Figure 7.1. Evaluation of audio and textual alignment with regards to "prompt strength’”.
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7.1 The effect of soft-blending

Additionally, we evaluate the effectiveness of soft blending cross-attention features
quantitatively by computing Audio-to-Audio and Text-to-Audio cosine similarity metrics
between the generated audio samples and the edited prompt. Audio-to-Audio and Text-to-
Audio cosine similarity scores are averaged across the dataset, ensuring a comprehensive
and objective evaluation. As indicated by Table 7.1, using soft-blending leads to higher
mean Audio-to-Audio and Text-to-Audio Cosine Similarity scores. Notably, the standard
deviation remains relatively the same, highlighting the reliability and consistency of the

soft-blending method.

Configuration | T2A Similarity | A2A Similarity
Hard-blending | 0.836 ¥ 0.087 0.400 ¥ 0.152
Soft-blending | 0.849 ¥ 0.094 0.414 ¥ 0.157

Table 7.1. Text-to-Audio & Audio-to-Audio Cosine Similarity with regards to blending
strategy.

7.2 Comparison of automated music metrics

Finally, we seek to investigate the effectiveness of Prompt-to-Prompt techniques in
audio editing by examining both diffusion-based and auto-regressive models. This explo-
ration aims to offer insights into the strengths and limitations of these models for creative
audio manipulation. Our baseline strategy employs Auffusion [10], a diffusion-based
approach. This method seamlessly integrates with the Prompt-to-Prompt methodology,
providing a solid foundation for exploring prompt-guided audio editing. Additionally,
we introduce an alternative avenue by incorporating a pre-trained frozen auto-regressive
model, capitalizing on the advanced capabilities offered by the state-of-the-art MUSICGEN
[23] model.

The metrics are averaged across the entire dataset and presented in Figure 7.2 while
detailed results are showcased on Table 7.2. From Melody Accuracy to Dynamics Cor-
relation, Rhythm F1 score, Audio-to-Audio cosine similarity, and Text-to-Audio cosine
similarity, each metric provides a unique perspective on the capabilities of MUSICGEN
and Auffusion in handling different audio editing tasks. Based on the provided data,
MUSICGEN outperforms Auffusion across all evaluation metrics. It excels in capturing
melody accuracy, exhibits superior similarity to both the original audio and target text
prompt, and significantly outperforms Auffusion in dynamics correlation and rhythm F1
score. Our methodology, utilizing prompt-to-prompt in the auto-regressive model context
for audio editing tasks, outperforms Auffusion with the MUSICGEN model. Notably, this
marks the first successful use of prompt-to-prompt in the auto-regressive model audio

editing context, highlighting its significance in achieving superior results.
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Figure 7.2. Average evaluation metrics across editing mechanisms for both Auffusion and

MUSICGEN.
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(a) Distribution of MOS (Mean opinion score) in the
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(b) Distribution of MOS (Mean opinion score) in the
case of MUSICGEN per evaluation axis.

Figure 7.3. Comparison of MOS distributions for Auffusion and MUSICGEN.

To gauge how well our method preserves naturalness and adheres to the original au-
dio content, we invited 24 evaluators and conducted a user study. The user study began
with participants evaluating pairs of 10-second audio clips. Their task was to identify the
clip within each pair that exhibited the highest degree of naturalness, characterized by a
resemblance to familiar musical instruments as opposed to noise or artifacts. These clips,
randomly sampled from our dataset, originated from the same text prompt but were gen-
erated by distinct models - Auffusion and MUSICGEN. Next, participants assessed the
fidelity of 16 randomly sampled text-audio pairings in our dataset. Each pairing in-
cluded both the original text prompt and audio, alongside an edited version. Participants
assessed the extent to which the edited audio remains faithful to the original version, con-
sidering key elements like melody, tempo, and dynamics, as well as its textual alignment
to the edited text prompt, rating these characteristics on a Likert [39] scale from 1 to 5.
Based on the results of Table 7.3, our method was found to produce audio clips perceived
as more natural by participants in our study. Mean Opinion Scores (MOS) for each cri-
terion are depicted in Figure 7.3a and Figure 7.3b. To assess the statistical significance
of our results we employ an unpaired t-test for the opinion score distributions. Table 7.4

summarizes the obtained p-values, indicating that the improvement obtained by utiliz-
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ing the proposed music editing technique in conjunction with MUSICGEN significantly

outperforms the baseline.

Edit Model Alignment | Dynamics | Melody | Tempo
Refine Auffusion 2.76 2.57 2.41 2.81
Refine MUSICGEN 343 3.08 3.22 3.62

Replace Auffusion 2.91 2.80 2.44 2.74
Replace | MUSICGEN 3.05 3.07 3.16 3.56
Reweight | Auffusion 2.78 2.88 2.58 2.78
Reweight | MUSICGEN 3.54 3.24 3.38 3.86

Table 7.2. Comparison of audio editing capabilities of MUSICGEN and Auffusion based on
MOS (Mean opinion score) of faithfulness.

Edit Model Naturalness
Refine Auffusion 35.14%
Refine MUSICGEN 64.86%

Replace Auffusion 40.00%
Replace | MUSICGEN 60.00%
Reweight | Auffusion 17.95%
Reweight | MUSICGEN 82.05%

Table 7.3. Comparison of audio editing capabilities of MUSICGEN and Auffusion based
on MOS (Mean opinion score) of naturalness.

Melody

Dynamics

Tempo

Alignment

2.66 x 10712

2.32x 1074

2.85x 1071

3.76 x 10796

Table 7.4. p-values, obtained using an unpaired t-test, indicating the statistical signifi-
cance for the opinion scores obtained from the human study.
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Conclusion & Future Work

In conclusion, we explored using two models for audio editing: Auffusion and MU-
SICGEN. We began with Auffusion, leveraging its existing capabilities for prompt-based
editing. Furthermore, we introduced an alternative approach by incorporating MUSIC-
GEN, a pre-trained auto-regressive model known for its advanced capabilities. To align
Prompt-to-Prompt with MUSICGEN’s auto-regressive features, we applied the attention
injection procedure at all timesteps. Additionally, we introduced soft-blending, a tech-
nique that merges the feature maps generated during the forward process with the in-
jected ones, using a weighted average for the output. This novel method aims to enhance
sample quality by replicating the original diffusion-based approach of prompt-to-prompt,
where edits are applied for a set number of diffusion iterations. In our evaluation, MU-
SICGEN outperformed Auffusion across all evaluation metrics and editing categories. It
showed superior accuracy in capturing melodies, better similarity to both the original au-
dio and target text prompt, and notably exceeded Auffusion in dynamics correlation and
rhythm F1 score. This study marks the first successful application of prompt-to-prompt
in the auto-regressive model audio editing context. This work was submitted to ISMIR
(International Society for Music Information Retrieval) 2024 conference.

Brooks et al. [73] employed Prompt-to-Prompt to generate a large dataset of image edit-
ing examples. Subsequently, they trained a conditional diffusion model on this dataset,
enabling it to generalize to real images and user-written instructions. Inspired by their
approach, a promising future direction entails creating an audio editing dataset with orig-
inal prompts and corresponding audio, alongside edited prompts and audio, leveraging
our proposed methodology. This dataset could then be employed to train a text-guided
audio editing model.

We also plan to undertake thorough user studies, specifically focusing on diverse
ethnic music and societal contexts. The anticipated edits will vary based on the user’s
background; for instance, imbuing a soundtrack with traditional music elements depends
on the user’s interpretation of "traditional." These studies will play a crucial role in as-
sessing the effectiveness and inclusivity of the proposed audio editing techniques across
different cultural settings.

We encountered a limitation arising from the cross-attention mechanism within MU-
SICGEN. To elaborate, within MUSICGEN’s decoder, all cross-attention information be-

tween text and audio tokens is condensed into a single value. Expanding this mechanism
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to provide a clearer depiction of the interaction between text and audio tokens would shed
light on how MUSICGEN attends to text instructions and could result in improvements

to audio editing quality.
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List of Abbreviations

ANN Artificial Neural Network

DPMs Diffusion Probabilistic Models

SLP Single-Layer Perceptron Network

IS Inception Score

FID Fréchet Inception Distance

DPM Diffusion Probabilistic Model

RVQ Residual Vector Quantization

T2A Text-to-Audio

A2A Audio-to-Audio

VQ-VAE Vector Quantised-Variational AutoEncoder
CLAP Contrastive Language-Audio Pretraining
LDM Latent Diffusion Model

LOA Language of Audio

LLM Large Language Model

DDIM Denoising Diffusion Implicit Model
DDPM Denoising Diffusion Probabilistic Model
PC Principal Component

BAM Beat-Synchronous Audio Mixup

BLM Beat-Synchronous Latent Mixup

MOS Mean Opinion Score

ISMIR International Society for Music Information Retrieval
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