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ITepiAndn

H mapaywywr| teyvnty| vonuooivr Beloxeton 6T0 enixevipo g mpocoyfc AOYw ONUOVTIXGY
eZehl€ewy, omwe 1 xododnyoduevn mapaywyt exoévag, Tou €youy emiteédel TV Sladedouévr epop-
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TEOTEIVEL JOVTEN TIOROYWY TS EXOVIC OO Y0, To 0Tl WG TOCO, VoL TEQLOPLOPEVY GE ATAOIX00C
AYOUS XL OEV €YOLY TNV XavOTNTAL Vo Taed&ouy ewdva amo o cOVIETN axovatiny oxnvr. H e-
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GUANOYIGTIXT WG PEGO Yol TO GUUTEQUCUO Aemttopepelmy. Tlpbdopata, ta ueydha YAwoowd yovtéia
€)OLUV TUPOUCLAGEL IXAVOTNTEC GUANOYICTIXNG o €TOL €Y0UV eVouUaTwiel o YOVTEND UE ExTe-
TUPEVES TOAUTEOTUXES BUVATOTNTES, TOL OTOlAL ATOTEAOUUEVOL OO TOAUTEOTUXOUS XWOXOTONTES Kol
UEY A YAWOOIXE HOVTERX, BLIETOLY TNV LXAVOTITA VoL XATAYOOVY TOV 1Y 0 Xal VoL EEAYOLY Yeroudo
CUUTERAOUATO U0 TO TEPLEYOUEVO TOV.

211 SUTA@UATIX AUTY), 0EYLXA EPELVATOL 1) IXAVOTNTO TV PEYIAWY YAWOGIXWOY HOVTEAWY 10U
(ALLMs) vo mopdryouv yiot Aoyix| ot OTTixd AETTOUERH TEPLYPUQT. LT CUVEYELN, UENETATOL (Lol
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Abstract

Generative Al has garnered significant interest due to its remarkable advancements in guided
image generation, which have enabled its widespread application across various fields. Although
text is straightforward, it lacks the inherent connection that exists between visual and auditory
realms, being unable to convey the entire spectrum of information. To that end, a number
of works have introduced audio-guided image generation. However, they are limited to plain
sounds and struggle to picture an intricate acoustic scene. Auditory information requires a
complex process involving reasoning to infer missing details. Recently, Large Langage Models
have exhibited reasoning abilities and have been integrated as the cognitive powerhouse of models
with multi-modal extented abilities. These models, consisting of multi-modal encoders and LLM,
have the capacity to understand audio and reason about its content.

This thesis first investigates the capability of Audio Large Language Models (ALLMSs) to
produce a coherent and visually detailed description. It further explores a novel approach to
image generation by leveraging ALLMs and introduces a structured framework designed to
transform complex auditory inputs into meaningful and imaginative visual representations. The
proposed pipeline integrates multiple components, including an audio source separation model,
an audio language model (ALM), a large language model (LLM), and an image generation model.
By first decomposing mixed audio into distinct sources, the ALM interprets and translates
auditory information into textual descriptions, which are subsequently refined by the LLM to
enhance contextual understanding. The resulting structured textual representation is then used
to guide the image generation model, producing images that align semantically with the original
audio input. The efficacy of the methodologies is assessed through a combination of quantitative
and qualitative measures.

By leveraging the internal knowledge and linguistic reasoning of LLMs, this research aims
at alleviating the limitations imposed by constrained audio datasets, managing to infer visual
details that can be deduced from the input audio, and producing a plausible description of the
visual scene.

Keywords

Multi-Modal Large Language Models, Audio Language Models, Prompting, Universal Sound
Separation, Stable Diffusion, Image Generation, Computer Vision
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Kegpdiaio 1

Extetapevn nepiindn ota EAANvVIxd

Oeswpentixd YTroBadpo

Mrnyovixy) Mddnon

H unyavier pdrdnon etvon évor medlo tng TeyynThC VONUosuYNG, ToU ooy OAelToL Ue TNV ovamTuEn xou
UEAETT) OTATIOTIXWY oAy 0pUWY TOU UTOPOUY VOl YEVIXEUGOUY ATOTEAEGUATIXG XAl ETOL VoL EXTEAOLY
epyooieg ywelc pntég odnylec. O dpog «udinony, dnhdvel T Sdixacion xooplorol OpLOUEVKY
TUPUUETEWY TOU HOVTEAOU amtd Ta SEBOUEVA ELGOB0L. Ot ahydpriyol unyavixhc udinong uropody va
Tagvountolv ot Teelg xUpleg xatnyopieg e Bdon tov TOno g udinong:

o EmfBAienduevn Mdinon
e Mn-Emfienouevn Mdinon
e Evioyutua Mdinon

Yy emBAenopevn udinom, 1o cOVoho BEBOUEVWY TIOU YPNOWOTOLELTAL Yol TNV EXTAUOEUCT] TOU
HOVTENOU omoTeEAElTAL OmO TOPUDELY AT ELGOBOU-EE000U, OTOU EVal BLEVUCUO YUPAUXTNOLOTIXWY
oLVOLALETOL PE Lol AVTIOTOLY T ETKETO Y, TTOU OVTITPOOWTEVEL TNV emtduuntr €€odo. Ltodyoq elvar 1
exudiinon wog avuotolytong ¥y = f(x) petadd twv dedopévev etoddou xou g entduunthc e€650u,
ENOYIOTOTOLOVTOS Ylal GLVAETNOY amdAclag. Aol exmoudeutel, To povtého umopel va ypnotuonowmet
yioe vou xavel TpofBédeic ¥ va Tagvourioet dedouéva. And otatioTxd| dmodn, o alyoprduog otoyelel
va Tpooeyyioel T utofdoxouca cuvdetnon tuxvétntog mavotntac p(y|x).

Y un emPBAendpevn pddnon ta dedouéva dev etvon emionuacpéva. To yovtého exnoudeletar OOTE
vor avoxahOer Tor umoxeipeva potifo mou SLEToLY TNV xaTavouY| TwWV BEBOUEVWY, AVATTICCOVTAS
€T0L TNV LXAVOTNTO VOl OLOOPPWVEL ECHTEPLXES AVATUPACTACELS TNE Eloodou. 'Evag xAddog trng
un-emPBAenopevng pudinong elvon 1 autoemPBAetouevy pudinor, 6mou o aAYoEIIUOS AUTOVOUN XOTA-
oxeLdlel Toug 81x00g ToU GTOYOoUC amd To dedouéva elbdou. Télog, N nui-emBrenduevn uddnon etvan
évog olyoprduoc unyavixrc udinone tou Beloxeton uetall Tne emPBAETOUEVNE Xou TNS W1 EMBAETOME-
v wdinone. O otéyog tne nui-emBAenopevng pdinong elvon vor TaEVOUROEL To U1) ETULOTUICUEVA
OedOUEVYL Ao TOL ETUCTUAOUEVA BEBOUEVAL.
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H evioyutur pdinorn mepthopBdver pior GUVEYOUEVY AAANAETOpAOT e TO TEPYBAAAOY, UE CGTOYO TN
uelwon wde petpwrc anddoong. O olydpriuog podaiver amd €va TEATUTO BOXIUNAS XAl CPIAUATOC
uéow avtapoBov. E&éyovta mapadelypota yedodoroyiwy evioyutixic udinone nepthouSdvouy to
Q-Learning xat too Deep Q-Networks (DQN).

Badid Mdadnon

Me v éhevon tng Bathde pdidnong, evog unotouéa Tng Unyavixic uainone, n wéa frav vo
QUPICOVUE TO UOVTEAO Vo pddel To YopaxTneloTixd and uoévo tou. O dpoc «Bothd pdinony ava-
pépeTan 0T ToAUETITEdN Sour) Tng Sodixactag pdinong, émou xdlde eninedo e&dyer GAo xou TO
APNENUEVA YAEAXTNELO TIXA, 00N YWVTAUS O BeATiwuévn anddoor oe didpopoug touels. To eninedo
QTS OPYAVOVOVTAL GE BOUEC TOU OVOUALOVTAL TOAVETUTEDA VEURWVIXE BIXTUA.

Nevewvag

To Poacind douxd cToyelo TWV VEUPOVIX®Y BIXTUWY EIVAL O VEURWVIS, EUTVEUCUEVOS OO TOV
TEOTO oL AELTOLEYOLY oL VeLpwveg oTov avlpwrivo eyxégaro. H Aettoupyia Tou veupdva elvon
cophc: O€yeTal we elcodo €val GUVOAO €l060WY T, TOAMATAACIICUEVKDY UE Bdpn W, xou UE TN Tpo-
oOxn evog xatwehiou 0, mapdyeton uio é€odog 6. H Brabixacio auty| meplypdpeton pordnuotind og:
6 = (0 + 2Tw). Tu Bdpn pudpilovv To péyedoc Tre empporc xdle el06dou XL 1 GUVEETNON
EVEQPYOTOINONG ELCAYEL UMY QOUULXOTNTOL.

¢C) F—> o

EyAua 1.0.1: Nevpdvoe (Avtinmreo) [23]

O ouvapThoelg evepyomnolnong epopuolovTol 0TO ECWTERIXO YIVOUEVO TOU GHUATOC ELGOBOU UE Tl
Bden Tou veuphva. Kowéc ocuvapthoelg evepyomoinong amotehovy:

1. H ovypoedrc 1 Aoylotiny| olypoedhc ouvdptnor, 1 omolo €yel wg €€060 aprduoie uetall 0
xan 1. "Eva 9€uo ye ™ ouyxexpiuévn cuvdptnon etvor mwg dev elvon Llooppomnuévr Yopw amo
70 0.




1. Extetopévn mepiindn oto EAAnvixd

2. H egantopevixr) ouvdptnon 1) ahAid UTEQBONXT EQATTOUEVT), €YEL TO (BlO OYHUL PE TN OLY-
HOELDY), 1o TO00 1 €€0d0¢ Peloxeton petall Tou -1 xou Tou 1.

2
C l4e®

tanh(z)

H €Zodoc auth| etvar xatdhAnAn yia Ty exudinor ye toAhamhd enineda.

3. H avopdwuévn ypouuxt povéda (RELU) evepyomolel tov veupmva uévo 6tay 1) €é€odog eivar
YeTnn

A(z) = max(0,x)

Mo mopodhary ) autric TN cuvdptnong, eivon 1 Swappéouca (Leaky) ReLU, n omola €yer pixen
xhom yo apvnTineg TWeg avtl yia einEDdT) xou YENOLOTOLETIL OTIC TEPLTTMOGELS OOV OL XAIOELS
elvon apouég.

0.8 0.6 |

0.6 1 0.2

0.6 1

(o) Aoyiotind Tiypoednic (B") YTrepBohxh, Eqontouévn

Eyfuo 1.0.2: H unepBolunt| epantouyévn enexteivel v é€0do oo elpog -1 ot 1

Nevpwvixd Aixtua ITpbow Teopoddinong

Iot ) Bloyelpnon mo TEPMAOXWY XATAVOUWOY GEGOUEVKDY, 1 GTOBAEN TOMATAMY G TEOUATODVY
VELPWVOY UTOPEL Vo XUTAOXEVATEL Lol BardLd Bouy| YVWOo T WG VEURMVIXO BIXTUO TPOCW TEOPOOOTN-
ong, Vepého e Bodidg udinong. Extdc ano 1o eninedo e10660u xou e£660U, *GVE EVOLIUECO GTEWUL
AVUPERETL WG XPLPO oTpMU. O VELpVES O €va ETUTESO GUVOEOVTAL UE OAOUE TOUC VEVRWVES GTO
TpoNyoLUEvo eninedo. Autd o dixTua ovoudlovtan eunpdotio AoYw TN PO TN TANEOPORIAS TEOS
Ta EUNEOC, A TO ETUTESO EL0OBOU PECHL TWV XPUPGY EMTEdWY UEyEL To eTinedo e€6dov. O oTo)0¢
evbe TéTolou dixtou efvan va tpooeyyioel xdmola otoyeuuévn ouvdptnon f* [30], yenowotoudvtog
T 8edopéva elo6dou (mpocapuoyy| xoumiing). Kata tyv exnaideuon, 1o vevpwvixd dixtuo padaivet
éva oUvoho mopapétewy @ Tou ehayioTonololy pa cuVdeTnoT xéaTtous J(B), mou elvor GuvdpTnon
v Bopnv tou dixtbou. H Beitiotonolnon auth €yel wg otdyo TNV €VPECT TOU EALYLOTOU NG
oLVdpTNoNG x6aToLC Yenotponoldvtac xdodo xhione (gradient descent).

O alyopriuog xodddou xhiong avapépeton 6T BLadLXAclor UTOAOYIGUOV TwV XAICEWY TNE CUVAETNOTNG
%xO0TOUC XL TNE EVNUEPWONS TV Bop®y Teog T1 xatebuvoTr EAXYIOTOTOMONG TNG CUVIRTHOENC,
CUUPOVAL UE TOV XAVOVAL:
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oJ(wT', b)
ow

6mou 1o b elvan 0 dpoc xaTwohlou xar n etvor 0 puIUE 39 t Yopll )
, lols ¢ n eLiuoe expdinone, o onolog xadopilet To n6GO

w(i+1)=w()—n

Yeryopa cuyxAivel o ahyopLiuoc e xEmolo EASYIGTO.

[ v evnuépnon tov Popwy oe dha ta eninedo Tou dtOou yenoylomolelton €vag ahyopriuog,
xadoploTindg oTny Tedodo e Pothdc udinong, o onolog ovoudletoa omovodiddoor. O akyodpriuog
aUTOE, TEPLMOPPBAVEL TNV ETMAVUANTTIXY TEOGOPUOYY TwV Boptv Tou BIXTUOU TEOS T1 XATAAANAN
xatebuvon.

SuveAeTind AlxTtua

Y10 YngLoxd x66U0, 0L EXOVES AVATOPIo TOVTOL (G OUCOLIOTOTOL (Y10 OTPOUAURES EXOVES) 1
TEOOEoTOL (Y1t EYYPWUES EWMOVES) TvVaXES CELIUNTIXDY TWOY, TOU OVTITPOOWTEVOUY TN (PWTEL-
vétnta evoe exovootolyeiou (pixel). Auth n Soun mAéypatoc eivon eE€ywy YopaxTNEIOTIXG TGV
OEBOUEVLV EXOVAC, XD EMUTEETEL GE TOMAATAS ELXOVOCTOLYELD VoL 0plCOUV EEYWRLOTES TEQLOYES
uéoa otny eodva. Ta mapadoctoxd ToAvERiTEdA VELPWVIXY BixTUN EUTEOCVING TEOPOOHTNONS, OEV
€Y0LY TN BLUVATOHTNTA VoL YELRLGTOVY TETOOU ElBOUG BEdOUEVY, DLOTL elval UTOAOYLOTIXG axEBO Xou
oev elvan eavd vor Slotneoouy TNV €YYeVY| dour tng eovag. To cuvehixtind dixtua amevovtiog
(CNN), évac edixdg T0T0g veupwvixmy dixtiwy, eivar oyediaopéva va enelepydlovor dedouéva pe
N ouyxexpwévn mAeyuatxr dopn. To dixtua autd, Bacilovtar oty téheon tne Swdxaciog TG
CUVENENC.

H Sioxpitr} Sio6Ldototn cuveNET eunepléyetl 5o mivaxeg, Tov Tivaxo I Tou avamoploTtd 10 u€Eog T
0exTXOV TEBlOL TNG EXOVOS xou Tov Tivoxa K, 0 omolog avapépeTton Xol w¢ TURTVIS, Tou eival To
GUVOAO TV ToPUUETEWY Yia expdinor. H Swbixacio neprypdpeton pordnuotind we:

S(i,§) = (I« K)(4,5) = > > I(mn)K (i —m,j—n)

H Suwduasta eunpdodog diddoong mepthauBdvel 0 Sldoylon Tou muprva xatd Log xan xaTéd TAGTOG
NG EXOVOC, TOEAYOVTAC ETOL LAl YWELXT) AVOTORIoTAOT Tou 0exTixo) mediou. Autd €yel wg amo-
TéNEopA EVaL BLOBLAC TAUTO Y 3pTY EVERYOTOINoTNE ToL XWdixoToLEl TNV €€000 Tou TUpEHva oe xdde Véon
NG EXOVOG.

O duaotdoeg Tou muprvar 0plCouv To BEXTIXO TEBIO TOU CUVEMXTIXOU ETUTEOOU Xou elfvan pLo
UTEPTORAUETEOS TOL BixTOoU. O TUEYVES, 1) oA PikTE, EEGYOUY YETOULA OTITIXA YoEOXTNELOTIXG.
OO TNV EXOVA, OTWS OXUES, xaUTOAES xan oyfuota. Kodde mpoywedue mo Bothid oto dixtuo, to
CUVEMXTIXG OTEWUATO EEAYOLY YORaxXTNEIGTIXA LYNAGTEROL ETTESOU.

‘Eva tumixd ouvehxtind 6ixTuo amoTeAelton amo CUVEMXTIXG CTROUATY Yo TNV EEXYWYT YoUEUXTN-
PLOTIXY, OO GTRMOOELS oLYXEVTPLOTS (pooling layers) xou amo eunpbdotior enineda yia Tagvéunom.
O oxondg 1wV GTEOUATWY CUYXEVTEWOTS EVOL 1) CUC TNUATIXN UEIWCT TWV Y WEXOY BLIC TUCEWY TNG
AVATOEAC TAGNE YLl TNY EATTWOT] TOU 0ELIU0) TWV TUPAUETEMY XL TWY UTOAOYIG TIXWY VoYXV,
‘Evag edxog t0mog cuvEMENS elvan 1 SieoTolpévn cUVEMET, 1 ool epopudletar oTtny elcodo Ue
optouéva xevd. M emmiéov mopduetpos | (pudude Slaotorrc) LTodEVUEL TNV SLEYELUVOT) TOU TU-
efva. H onuavtixdtnta tng SlecTodpévne cLVENENS €y yuTon oty OLledpuVeT) Tou BEXTIXOU Tedlov,
Ywelc vor emPBoplveTtar 1 Lviun Ve ToauToyeova dlortneettal 1 euxpivela.
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1. Extetopévn mepiindn oto EAAnvixd

0]1 /111010104

001 |1]{1[0]0] ~. __-{113a73]4]|1
0/0[0[1[1[1]0 1101 1]244]3]3
olojo[1]1]0]|0] * 1 = 1172341
0[0[1]1]0]0]|0] ~.|1fOf1|.-" [1[3|3]|1]1
0/1({1{0/0]0]0 313(1]1]0
1/1/0{0[0]|0]0

I K I+K

Eyfuo 1.0.3: Hpd&n tne ouvéhéng

Yyfuo 1.0.4: Alcotodpévn XuvEhln

Apyrtextovixy U-Net

H opyitextovinr) U-Net [59] anoteleitar ano évay xwdixomonty, o onolog utodetypatornmte! xat
eZAYEL YPNOWA YAUPUXTNPIC TIXE OO TNV EXGVOL ELGOB0U UECA OO GUVEYOUEVO GUVENXTIXG ETtimedol
xou emineda péytotne ouyxévipwone (max pooling), xou €voy ATOXMOXOTOMNTH TOU YENOWOTOLE-
tton yioo Ty unepderypatolndloa. Méow tou anoxwdixomontr, To Tedlo GPAUCTE TWY GUVERXTIXMY
mupvewy augdvetat. Ilapdho mou apyixd TEOTAUNXE Yiot XATATUNOY EXOVWY, EYLVE OVITOOTUCTO
HOUPATL EVOC PEYAAOU 0ptIol LOVTEAMY TIOU ELBXEVOVTOL OTNV OPICT| UTOAOYIGTOV XAl OTLC OlEp-
yooteg Yyovu.

Metaoynuatiotég

Axoloutioxd dedopéva OTwe oL YEoVooElRES, 0 Nxog N To xeluevo amantoly €va EWBIXEVUEVO
6ixtuo, to omolo Vo €yl TNV avodTNTOL Vo cUAoPBdvel poxporpddeopeg eCoptrhoel.  ApxeTég
OEYLTEXTOVIXES BIXTUMVY TROTAINXY Yot VoL AUGOLY TO GUYXEXPWEVO TEOBANUA, OTwe Tor Avadpouixd
Nevpwvixd Aixtua xow to LSTMs, wotdéco ta dixtua autd etyav apxetolc neplopiogols. Me tnv
ELOOYWYN TV PETAOYNUATIOTOY [75], To nedio tne texvntic vonuoolvng dhhale plixd.

ApyrtexTtovixy
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Eyua 1.0.5: Apyitextovint) U-Net ano [59)]

H yevur| apyttextovixs] Tou UETACY NUATIOTY PUEVETAL OTO TUEAXAT® Oy AUA Xl AmoTEAETOL oo
EVoy xWwOWOTONTA ot €vay amoxwoxomointh. O xwodxonomntic epiéyet 6 otoBoyuéva enineda,
70 xadéva amo To oTolol AMOTEAEITOL A0 €VOL TOANUXEPUAXO UTAOX AUTO-TEOCOYHS oL €Val BIXTUO
TEoWINCNE, xou AVTIGTOLYEL TNV axohoudia .06B0L GE pLol axohoLD{ol GUVEY MDY AVITAPACTICENY TOU
TeopodoTE(TL GTOV amoxwdononth. O anoxwdixononthc anoteleiton enlong ano 6 otoBoyuéva
OTEOUITA, UE ULol ETUTEOCVETH LOVABA UAOHAUC TOAUXEPUAXO) UTAOX QUTO-TROGOY G OTNY 0y 1) xde
CTEWUITOC.

Ye avtideon ye mEonyoUUEVES OPYITEXTOVIXEC, O UETAOYNUUTIOTAC Aopfdvel Ohn tnv elcodo uall
xou Oyt oe Eeywelotd Prpata. o Ty xwdxonoinon tne Véone xde mhnpogoplag, yenowonolet
xwdornolnon e entyvwon tng Yéong.

Avto-npocoyn

Apywd, n axohoudio eilcddoL dlonpeitan ot atouxd ctolyeia mou ovoudlovta tokens. Kdie éva
avTioTolyleTon Ue €val BIdvuoua Tou xwdixomolel To vonua xat Tn 9€om Tou 6TO XEPEVO. ZEXVOVTOG
e tpewc nivoxee, query(Q), key(K), value(V), to didvuopa xdde token modhomiaoidletar Ye Toug
mivoxeg query xau key yio vor mapoaydoly o dravOopata query xou key. H outo-npocoyr eivon n
OLadaclal TG TEOCOY NG O GUYXEXPWEVA GNUELN TNG ELGOBOU Xl TOU UTOAOYLGUO) TNG OUOLOTNTOG
avdueca o xdle otoryeio. M Boduoloyio mpocoyfic unoloyiletan avducon oe xdde Bidvuouo
query xat key, xhgoxwuévn e €vav mopdyovto ﬁ omou dj, elvon 1 OidoToc Tou Tivaxa key.
To anotéleoya mepvdel Yéca amo T cuvdptnor softmax yia vo ooy Vel uio xatovour| mdavotn-
Tac. XENOWOTOIWVTAS TO ATOTEAECHATO AUTY, Tal TOAAATAAGIALOVUE UE T Slovoopata value yor vo
TdpoLYE TO TEAXO amotéheoya. H Sabixacio auty| elvon éva xepdt tpocoyhc.
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1. Extetopévn mepiindn oto EAAnvixd

e ™
Add & Norm
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Nx | —("Add & Norm )

Multi-Head
Feed Attention
Forward
— ]

D) Nx

Masked
Multi-Head Multi-Head
Attention Attention
— L
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Embedding Embedding
Inputs Outputs

(shifted right)
EyAua 1.0.6: Apyttextovixf) Metaoynuatioth ano [75]

Attention(K,Q,V) = Soft (QKT)V
ention(K,Q,V) = Softmax(———
vy,

Alayweropoc IInyoyv ‘Hyou

O Broywplopdg Ny ou avapépeTon oTr SLadLXactar TNG AVEXTNONG TWV ETEEOUS TNYWY YO ATO
€vol axouoTxd Uelypo. Autéd to mpofBinua elvon Vepehddeg oe apxetéc dicpyaoieg eneepyaoiag
OXOUOTIXWY ONUATWY, xod®S 1) avdhuoT xan 1 eMEEEQYACIA TV UTOUOVWUEVLY MYNTIXOV TNYOV
pépvel xalUTepa amoTeAéopaTa. AV ot To eNixEVTEo auToL Tou peuVNTXOD Topéa elvar 1) Behtiwon
TNG AXOVCTIXNG OULALIG, O Lo WELOUOS OULALDY X0 O DL WEICUOS LOUCIXMY 0pY VMY, Tol TEAEUTALN
YEOVLOL O YEVIXEUUEVOS TOPENS TOU Blaywetool xadohixol fyou €yel YVmploel apxeTr Tpdodo.

‘Hyog
‘Evo x0Ouo fiyou €ivon ol ahAETIAANAES AUEOUEIDOCELS TNE TUEGNC TOL 0Pt OE [l XAVOPIGUEVT)

anbotoon X yedvo [1].
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high pressure

I
|

low pressure

Eyfuo 1.0.7: "Eva nymntixd x0Ouo anoTeEAE(Tol oo CUUTIETELS Xl APOLOCELS

Avanopactdoesic "Hyou

Yy mo axatépyaoTn Lop®r) Tou, 0 HY0g amoInXEETOL (S Uit XUPATOPORPY) OTOV UTOAOYLOTH,
oe oot poppt). H Saduacio petatponic evog avoloyixol ohuatog oTn Pngioxy| uop@r Tou ovo-
waleton yetatponr) Avohoyi-oe-Unguaxy| [33]. To avahoywd ofjpe z4(t) apyind deryyatohnmreita
OE TOXTA YEOVIXE BLC THUOTA, TOAATAAGCIL TNG TEELOB0L Betypoatorndlog T;,, mapdyovtoag €Tol €val
ofua cuveyolg ypeovou x(n).

x(n) = xq(nTs)

Meténeita, o xBavtonontic avTioTolyel Ta GUVEY T TALTY OE £Val BLaXEITO GOVORO THIWY Xl TO G
UETATEETETOL GE €Vl PnpLoxd Tivoxa GTOV UTOAOYLOTH.

O puduog derypatondiog expedlet Tov apriud Twv SeryUudTonY Tou hauBdvovTtal avd BeuTEPOAETTO

nou petpiéton oe Hz. T éva orjua ue puduo derypatondlog sr, n uéylotn ouyvoTnTo TOU UNToREL Vo

avoxataoxevaotel aflomota ebvon fy = %, xou ovopdletoun ouyvétnta Nyquist.

-

-

-
s

= = -
o o =
IS) ~ o
L s L

Amplitude

o

et

-
s

010 1

001+

000

T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0
Time

Eyfua 1.0.8: Metatponry Avahoyxol YNruoatog oe Wnploxd

Mo avamopdotact) 6To Y Weo Yeovou-cuyvoTNTog eival £vag BIodIAoTATOS TVAXOG TOU AVATUEIGTA TO
TEPLEYOUEVO TV GUYVOTATMY TOU GHUATOS XATA TO YeOVo. Ol To oNUaVTIXEC TETOLES AVATUPUCTAGELS
elvar o petaoynuatioudc Povpiép Peayl-yedvou (STEFT), to hoyoaprduxd gacpatoyedpnue (Log
Spectrogram) xou to @ocpatoypdgnua ot xhuaxa Mel (Mel Spectrogram).
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1. Extetopévn mepiindn oto EAAnvixd

IMapadooiaxég MéJodol

ITpw v dgpien tne Pothde uddnong, yior To Loy wetopd fyou aZlomolobvtay xhaowol oahydprd-

pou unyovixic wdinong xau enelepyactiog meroxdy onudtwy, xuplng Yo To TEOBANUA TOU TUPAOY
BLory wpetopol. 1o mpdBAnuo Tou TLPhoU Blayweltoloy, 6Twe Tpotdinxe oo [34], éva alvolo TNy
s1(t), ..., sn(t) avageryviovton ypouuxd ano évav nivaxa A. O 6poc Tuphdc mpoépyeton omo To
YEYOVOS OTL 6eV YVwplloupe Timota yia Tig Tnyég 1 T Stadixacior avaueling, To wovo mou yvopilouue
eivar ov N vnep¥éoeic autodv z1(t), ..., zn(t).
‘Evac tp0mog var xatnyoplonolticoupe Tic uedodoug autég etvon ye Bdom tov aptdud tov atcinTtipwy
ToL yenowonolvTUL Yl TV UMY Twv Yoy fyou. ‘Etol, €youpe tnyv unep-xodopiouévn
nepinTtoon 6mou o aprudg Twv acNnThpwy eivan PeYaAUTEROC 1| [00C UE TOV apLIUd TWV TNYOYV, XL
NV UTo-Xo)0pLOPEVT TERITTWOT OTOL 0 aELIUOS TV aoINTHewY clval UxedTEROS amo Tov apliud
TWV TNYOV.

Y1 mpddyn mepinTwon, 1 o dtadedouévn uédodog Yo To TEOBANUL Sl wetouol fou amoTeAEL 1
avéhuon avelapthtwy cunotwoey (ICA), [5], 6mou doouévou ofjuatoc X = AS pe X = [122...75] 7
éval n-818oT0To Bdvuoua, S = [$152...8p] T
T

éva Tuyaio Sidvuoua Ye p ave&dpTNToL GHUATO TNYOV Xol
A = [a1az...ap]" évoc n X p dyveoTtog avTioteégulog Tivaxag Y Yeouuxd aveEdetntes oTHAES, 1)
uédodog ICA otoyelel otnv elpeon evog mivoxa W tétolou dote u = WX.

Io v umo-xadoplouévn TepinTwoT), ol UEYodOoL TOU YENOLOTOLLYTAY XURlWS ATV 1) avEAUGCT
aveZapTthtou unoyweou ISA [10], n tapayovtonoinon un-undevixod tivaxo NMF [48], 6nou anocuv-
Vétel Evay YOO TO un-undevixd mivoxa V. oto yvouevo 600 un-undevixay mvixwy W xow H €tou

WOTE
V =WH

o toe oucthuato CASA, mou yenotuomolel UTOAOYIGTIXG HOVTERA UE PYES OXOUCTIXWY OUO-
0OTOLNCEWY.

Médodor Badide Madnong

Ot pédodol Padide pdinong ywetllovion xupiwe ot pedd8ouc Tou AELTOUEYOLY GTO YWEO TOUL

YEOVOU-CUYVOTNTOC Xt OTIC UeDOB0UC Tou AElToupYolV ameulelog OTn YEOVIXT XUUATOUOP®T ol
dev ypeldlovTol XAToLo EVOLBUEDT) OVITOEAGTAO).
Ot aydpriuot Tou AElToUEYOUY GTO YWEO YEOVOU-CLYVOTNTAS YENOHLOTOWVY Udoxes. Mo udoxa,
Mi € [0.0, 1.0]TXF, TOU VATORIGTA TNV ith mnyn Si, ebvan évag mivaxoag mou meEpEyEl TWES Xou
ToMmAACLALETaL XOTO OTOLYED UE TO Qaouatoypdgnua tou pelypotoc Y| yioa tnv andxtnon wioc
extiunonc S; = M; © |Y]. Kébde tys, xadopilel 10 10000t Tre evépyelac Tou apyixol delyuatoc
mou ouuBdiker wa TNyY. Enouévee, oxondg elvan 1 extiunon wag pdoxag mou Yo mpooeyyilel
XAAUTER TN TNYR-0TOYO.

Y10 YWPO TOu YEOVOU, To TAEOVEXTNUA elvol Twe dlatneelton 1 TAnpoopia yior TN @dcT Tou Hyou,
TIOL CLY VA YdveTon oTig Teonyolueveg uedodouc. Aldgopol TpdToL €xouy Tpotadel yio To TEOBANUA
TOU BLoy WELOUOU 1Y 0U 0L OTIO{0L AELTOURYOLY GTO YWEO TOL YEOVOoL, EVag amo auTolg eival ol uédodol
mou Baotlovton otny apyrtextovxr; WaveNet [73], énwe 1 Soukeld twv [69].
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Mask Spectrogram Source Estimate

0 0 1 1
1 1 0 1
0 1 0 1
0 0 1 0

Syua 1.0.9: Hopdderypa Avadinhic Mdoxog ano [52]

Source 1 output Source K-1 output

Mixture audio [ r l
W T | 1D Convolution, Size 1 |

E Crop and concat 4
_________________________________ »|
[ 1D Convolution, Size 15 J I 1D Convolution, Size 5 ]
A
____________________________________________________ >
7 Crop and concat g
Downsampling ] [ Upsampling
7'y
Downsampiing block 1 Upsampling block 1 |
Downsampling block 2 ~ r---msemsemnianes > Upsampling block 2 ‘
¢ Crop and concat ?
Downsampling block L =~ F========nsnneees > Upsampling block L

Crop and concat

1D Convolution, Size 15

Yyfua 1.0.10: Apyitextovinr) Wave-U-Net ano [69]

O %xwdxomonTg UTO-OELY UATOANTTEL T1) XUPATOROPPY| EVE AofBdveL To EEEYOVTA LEQUEYIXEL Y AP0
ATNPLOTIXA XOL O UTOXWOLXOTIOLNTAS AVEAVEL TNV AVIAUGT] YLOL VOL OVOXATUOHEVAOCEL TIG OLoY WELOUEVES
mnyéc. Ahhec onuavtiée pédodor eivon to TasNet [50], odAd xou 1 Behtiwor tou, Conv-TasNet
[51] mou a&omotel Evar ypovixd cuvehxTixd dixtuo TCN [46]. Xto topéo Tou Saywelopod pouctxic,
wa e€€yovoa doukerd eivon to Demucs [18], tou evowypatmver LSTMs oto Aawpd (bottleneck) tou
U-Net, xatagépvovtag €tol vor cUAAEBEL paxpompdleoues Ypovinég e€apTAOE GTO HOUCIXO GTiUA.

Movtéha Awdyvong

IMapaywyixd Moviéia

Yxonde TNE Tapay wYxAS HOVIEAOTOINONG Vol 1) AVETTUEY GTATIOTIXDY LOVTEAWY TIOU &)L UOVO
avaryvep(louv potifa ota dedopéva, ahhd €xouy TN duvatdTnTa Vo pdidouv TNy LUTOBOCXOLCA XoTA-
voun dedopévewy xar va tapdlouv véa delypota pe Bdon tn xatavour auth. Kdmowo arno to Boacixd
TOPAYOYIXE LOVTEND elvar 0 peToBAntde auto-xwdornonthc (variational autoencoder) [44], mou
TEOBIAAEL ToL BEBOUEVAL ELGOBOL GE VAL Y WEO YOUNANG OLUC TATIXOTNTOG X0l UADAEVEL VOU OVOXATOOXE V-
alel TN Aovidvouca avamapdo TUOT) ENOLYIC TOTOWWVTAS U0l CUVERTNOT| CPIAUATOS, XKoL TA TOQOLY -
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1. Extetopévn mepiindn oto EAAnvixd

Y avtayoviotxd dixtuoe GANs [31]. To povtého autd anotelolvton omo €va dixTuo YeEVVATpla
7 Ié 4 7 7 7 Z 4
(generator), mou podaiver var topdyel odndogpoavy| delyuata arno xadupd Vépufo, xar aro éva dixtuo
OLoyWELOU00, TOU EXTIUOEVETOL OOTE Vo dlorywellel oAndvd amo xdhmxa detypato. To 800 autd
OlxTua EXToUdEVOVTOL UE EVaY AVTAYWVIOTIXO TEOTO, TEOCTIOVTAS TO Eva Vo EEYEAOEL TO GARO.

Training set V Discriminator

ANN
— .I @E {Fake

Generator Fake image

YyAua 1.0.11: Awdixactia GAN ané [62]

Avadixacio Aldyvong

To povtéha didyvone tewtoeupavictnxay to 2015 étav o Sohl-Dickstein [63], eunveuouévoc

ano TN VeQUOBUVOULXY), XoUVOTOUNCE TN OLodaciar SLeyLONS Yl TN TOEAYWYT) VEWY OELyUdTLY.
Tao povtéha didyuong €youvv Teel xUpleC Hop@éc: mavoTxd Yovtéla didyuone arnodopufonoln-
onc (DDPMs), mopaywyixd poviéha Bactopéva oto oxop (SGMs) xou Tic oToyac ixée Slapopinéc
eZlotoelc (Score SDES).
H xOpta 0o tng pedddou, elvon 1 TEooBELTIXY BLAToEoy ) TN XATOVOUNS TWV OEBOUEVODV UECH
Hlag ETOVOANTTIXAS SLadixaotag xon 1) exuddney Tng avTioTeoPNE TNS dLladixaciog, amoXTOVTAS TNV
oy xatavour]. Autd €yel wg amoTéAeoua Eval ooy WYX HoVTELD Tou efval xavo var SnuLoupYel
véa Oelyporta, mopouole ue tor dedopéva exmaidevonc. To mhaicio amotedeiton ano 600 dadixacieg
mou povtehonotolvta we 600 Mapxoflavég aluoidec. Ltny eunpodoiia draduacio, EEXVOVTAS Ao
TNV 0EY XY XATAVOUY| TV OEBOUEVELV q(x©)), ewodyeton YopuBoc oe otadloxd Brjuata e Bdorn éva
TEOXAVOPLOUEVO TEOYEOUUA, €WS OTOU 1) dour| €xel TApws eahewpiet.

g(x01)) = g(x) [T, ¢(x®|x=D)

H avtiotpopn Swdixacta, mepthoufBdver Tnv avtioteopy tne eunpodoiiag dradixaoctauc podaivovtag
TUENVES UETHBAUOTG TOPUUETPOTONUEVOUS AT EVAL VEUPWVIXS B{XTUO.

p(x™) = m(x(1))
p(x©-D) = p(x) [T_, p(xPxE=1)

Kota v exnoaldevon, n yéon Ty xou 1 ouvdiaxduover tou I'xaouciavod muprivar didyuong
yeetdlovtar var exTiunioiv.
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pGXt1|Xt)
Og O Oz

Yyfuo 1.0.12: H eunpbodio xou 1 avtiotpopn dodixaoia [35]

Yo ypovia tou axorolinoay, TOAES epELYNTIXES BOLAEIEC TROGEPEQUY BEATUOOELS GTA LOVTEAN
Odyuone. Amno tic Behtidoe autée Eeywpilouvy 1 amhomoinon tou yetoAntol oplou [35], 1 em-
Ty uvon g dladixactog Serypatoindiog pe Ty eloaywyn tou povtéhou Denoising Diffusion Implicit
Model [64] xou 1 elooywyn ToU GLYNULITOVIXOU TEOYEEUUATOS VoEUBOL TOU EYEL KOS ATOTEAECUA Uidt
o Padutaior xaTao TEOPH TNG XATAVOURS TeV dedopévmv [54].

Yyrua 1.0.13: Teopuixd(ndrw) xon Xuvnuitovixd Ipbdypappa (kdtw) amo [54]

Yixetxr, BiBAoypapia

TF'h\woowd Movtéla

‘Evo YAwoowd govtélo elvon €va UTOAOYIOTIXG HOVTERD, IXavO VoL GUAAOWPBAVEL T Bour| xan TIC
OTUTIOTXES WOLOTNTEG TOU oVIPOTIVOU XEWEVOU, ETUTEENOVTAS TOU UE OUTO TO TEOTO VO TORAYEL
TEOTOTUTIOL OELYUATO XEWEVOU. LUYXEXPUEVY, VA YAWOOWO HOVTEAD eXTALOEVETAL OE €Vol UEYHAO
aELIUO HEWEVIXOY TURADELYUATWY, €TOL OOTE Vo exTEAEl Wiar xaTovouy| moavdtnToag ot éva oUvolo
mpoxadoplouévey AEewv tou ovopdleton Ae€ilhdyto (vocabulary). Enopévee, n Boowr hertoupyla
eVOC YAWOGLXoU poviehou eivan 1) extiunon tne moavotntog evog token 7 axolovdio ano tokens vo
eupavioToly ot o axohovdio amo tokens.

P(wy,wa, ...w,) = P(wy) - P(ws|wy) - P(ws|wy, ws)...P(w,|w, wa, ..., wy—1)

Me~vydho 'hwoowd Moviéla

H eyxadidpuon TN apytteXTOVIXAC TV PUETACYNUATIOTOV WG Bacixr| LOVADI, UETOHORPWOE TO
1edlo Twv YAwoowxdy povtédnv. H napahhnhonoinon toug enétpede v avdiuct ueyahitepng el
GOBOL X0 TO EXTEVES BEXTIXO TOUC TEDIO BIEUXOALVE TNV TRy YY) XEWEVOU TO XOVTA 0Tl AV TVl
dedopéva. Tlpdopata, To Meydha I'hwoowwd Movtéha (LLM), €youv éplel otny emupdvela we 1 véa
Tdon oto Touéa Tne enelepyaciag guoixic YAwooag. To povtéha autd, To onota Bacilovton otny
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1. Extetopévn mepiindn oto EAAnvixd

QEYLTEXTOVIXY| TV UETACY NUATIO TWY, EXTOUOEVOVTAL GE EVAL OYXWOEC GUVORO OO BEGOUEVA XEWEVOU
X0l €YOUV TNV IXAUVOTATA VO XATUVOOLY TIC CUACIOAOYIXES OYETELC NG avip®OTIVIG YAMOGCIC.
Fevixd, to YAwoowxd poviéha unopolv va opadortoindoly Ge TEEIC XATNYOoplES:

o Avto-TTahwwdpopixd (Auto-regressive) poviéha 6mwe 1 oepd twv GPT yovtélwy, émou
exnoudevovTon P€ow plag dtadxactag TedBiedng Tou enduevou token.

e Avto-Kwdixonowntég (Auto-encoding) 6nwe 1o poviého Bert, mou exnoudedovton pe
HovVTEAOTIOINGT) UAOXOC.

e Axolovdia-ce-Axolouvdia (sequence-to-sequence) povtéla, 6mwe to TH, mou oyedi-
dlovtan yia BlepYaoleg 6w UETAPEATT), TEQIANT XL ToEoywYT) XEWEVOL.

H emituyio Ty ueydAny YAOCOWOY HOVTEAWY Tot TEAELUTOLA YeOVIa BactleTon eV u€pn GTN XAUAXKOT
Tou peyétoug toug, xadwg éyel Bpedel twe 660 0 apLiudC TWV TUPUUETEWY AUEAVETAL, TOGO ALEAVETAL
xa 1 am6d0ot Toug. Av xan 1) Tdom auth apytlet xou augiolnTelTan Tov TEAEUTAO XouEd, UE To LOVTEAX
Vo amoxToOV Uiar adEAVELL WS TEOoS TN Tepattépw Behtiwaon Toug, elvar olyoupo Twe 1 dAHATOONG
Gvodog Tou aprluo) TWV TUPUUETEWY UTHEEE XATAAUTIXY Yiot T eMLTUY 0 TOUG GE OLdpPOPOUS TOUELS.
M amo autég Tic emituyleg elvan 1) XAVOTNTO TWV HOVTEADY AUTOV Vo EUPavi(ouy GUUTERLPORES
vl Ti¢ omoleg dev exmaudelTnxay entd. Tétoleg ouumepLpopés, mepthauBdvouy TNV XavOTNTA TWY
HovTéhwy vo padoatvouv amo to oudgpaldueva (in-context learning) odAd xou va mapouctdlouv
oNuddilar YYEVOUS GUALOYIGUOU, XATL TOU QUOXE ATOTEAE! EVOY A0 TOUG TEMTARYLIXOUEC GTOYOUG

TN TEYVNTAS VONUOGUVTC.
Meé9Yo6o. Ilpotponnc

[Tpotpomnt ovoudlouue TNV XeEWeVIXY| 00NYio Tou BiVOLUE WS El0000 0TO YAWOCIXO HOVTEND, WOTE
vor 10 xa)odnyHoouue Tpog por emtduunth €€obo. H unyoviny| tne mpotponhic (prompt engineering),
avapépeTol oTNY GUVUEST, OONYUOY QUOLXTC YADOOWHS, UE OXOTO TNV eXUALELOT) YVMONS ono To
HovTéla Ue €vav dounuévo teémo [76]. Xtov muphva, 1 uédodoc auth Baoiletar otny unddeon 6t n
AmOBOGT) TOU PEYAAOU YAWGGLXOU HOVTEAOU, UTOREL VoL ENNEEACTEL ATO TOV TEOTO UE TOV OTolo EYEL
ooundei 1 eloodog.

Hopodetypota tétoiwy Teyvixdy anoteholv 1 pédodog undevixiic-forfic (zero-shot), 6mou 1 mAn-
pogopla diveton dueca otov poviého, yepix@v-Lormyv (few-shot) [9], 6mou 6to yovtého mopéyovton
xou Lepnd mopadeiypota avapopxd pe Ty emtupnty éZodo xou ahuoido-oxédne (chain-of-thought)
[79], 6mou 1 odnyio TEoC To LoVTELD Soyeiton OE Wi OELPG EVOLUESKY PrUdTnmy TeoTol xatahiel
070 eMUUNTO ATOTEAECUD, ETOL WOTE TO LOVTEAO Vo Umopéatl va epfardivel xaAUTEQO GTO BOGUEVO

TEOBANUAL.

Kadodnyoluevn Ilapaywyrn Euxdvog

"Evog amo Toug VEOQUAS %ot oo TOUG THO EVOLUPERKY TOUELS TNG TapaYwYLX\S TEYVNTAC VONUO-
oLyNg, elvon 1 oOVIEST EXOVAG, xo CUYXEXEWEVA 1) UTO-XATEOYUVOT) TORUYWY T LIS EXOVOS. XTO
TEEUS TWV YEOVWY, 1) TORUY WYY EXOVWY €xel e€ehlyUel amo TNV AMEXOVION ATAGY TEOCMTWY OTN
onuLovEY o TEPIMAOXWY Kol OTTIXE EVIUTIWOLIXWY YRAUPLXWY, TTOLU OE OPLOUEVES TEQLTTWOELS CUVILYW-
viCovton Tov yopoxThpa NG avipdmvng dNUtoueYlag xou aUTOTEAOUS EUTVEVCTC.
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Standard Prompting Chain-of-Thought Prompting

Model Input ~{ Model Input ~
Q: Roger has 5 tennis balls. He buys 2 more cans of Q: Roger has 5 tennis balls. He buys 2 more cans of

tennis balls. Each can has 3 tennis balls. How many tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now? tennis balls does he have now?
A: The answer is 11. A Roger started with 5 balls. 2 cans of 3 tennis balls

each is 6 tennis balls. 5 +6 = 11. The answer is 11.
Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples Q: The cafeteria had 23 apples. If they used 20 to
do they have? make lunch and bought 6 more, how many apples

Uo they have? j
P ~
A:The answer is 27. x A: The cafeteria had 23 apples originally. They used
The
answeris 9. o/
\. Y

Yyfuo 1.0.14: Baowxh (zero-shot) npotpont| xou Ipotponn ue Chain-of-Thought amo [79]

Keipevo-npoc-Euxova

H opecdtnto xou 1 amAdTnTo TNS XEWEVIXTE TANPOQOplac aAAG xou 1 TANUWEA TwV CUVOAWY Oe-
OOUEVOY TIOU TEAYHATEDOVTOL XEWEVIXEC TIEQLYQUPES, XATECTEL CNUAVTIXT Lot TN YeNoN TOU U€cou
auTOV ¢ TEOTOL XaTelYuvong TNE ToEaYWYNS Edvwy. Me v eloaywyrh Towv Aavdavovtwy Mo-
viéhov Adyuone (Latent Diffusion Models) [58], ta onola oe avtideon ye ta tponyoluevo ovtéha
TIOU AELTOUREYOUGAY GTO YMOPO TWV EXOVOG TOLYEIWY AELTOLEYOUV OE EVaY UTOBOCHWY YWOEO EVOS ou-
TOXWOWOTOWNTH, AAAGL X0l UE TNV ELCAYWYT| TV LOVTEAWY Bidyuong xadodnyolueva ano xelUevo, 1
O80T TWV HOVTEADY QUTOV OE TROXTIXESC EQUPUOYES TUPAYWY NS EXOVIC LTHREE parydola.

( 2 Latent Space ") (Conditioning
E Diffusion Process emanti
Ma
p

2z Denoising U-Net €y N2 Text

Repres
entations

D
Pixel Space

7

denoising step crossattention  switch  skip connection concat

EI
—

YyAua 1.0.15: Apyitextovint| Stable Diffusion ano [58]

[ Ty xadodrynon e TopaymY NS EOVIC HEGW AEWEVIXWY TROTPOTWY, 1| ECOBOS Y Ixd %Ot
XOTOLE(TOL OE Lot GNUACLOAOYIX avTioToLy T avamapdoTaot Tmou elvar otny (Blo xateduvorn pe Ty
oVATOEAC TAGT, UE TNV avTioTolyn ewdva. Autd emtuyydvetar Ue TN yenon tou povtélou CLIP
[56], T0 omolo exmoudeleton pe avtidetxy| udinon dote vo xwdixonotel napdpola Lebyn exbvoc-
XEWEVOU GE oV andoTaon oe €vay havidvwy yopeo. Ta Swviopata autd, enovogalduevo og
embeddings, eEVoOUATGVOVTAL GTO BIXTUO TOU HOVTEAOU UEGHK ETUTEOWY BLUC TAVPOUUEVNS TEOCOY NS
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1. Extetopévn mepiindn oto EAAnvixd

(cross-attention).

"A yellow flower
with a blue sky in
the background"

Yyfua 1.0.16: Yuoyétion Zebyoug Ewdvac-Kewévou

"Hyog-npog-Ewxdva

[Topdro mou 1 agecdTNTA TOL XeEWEVoU Bonddel apxetd otny anevieiag xatebluvon Tng exovag

TEO¢ To EMYUUNTO ATOTEAECUA, 1) XEWEVIXTH YAWOOoA Oev elvan @uoixd cUCEUYUEVY UE TOV OTTIXO
UG xOOUO, ETOL EMETAL LAl OTWAELL TANPOPORLWY XOTA TN TEOOTAUELd CUVOECC TwV 600 AUTOY
u€owyv. Amo tnv dAAn TAEUR, O YOS VUL GUECH GUVOEBEUEVOC UE TNV ELXOVA, ETUTUYYAVOVTOC [ULOL
o BEATIOTN AMEOVIOT] TWV AETTOUERELDY TNG ONTIXNG OXNVAC Tou efval BUGXOAO VoL EXPEACTONY
u€ow xetuévou. Apxetol €youv TEOCTUIACEL VoL YEQUEOGOUY TOUS BUO XOCUOUS TOL YYOU oL TNG
eoVoC, BactlOUEVOL OTNY EXUGUNCT UAG XOWAS OVOTORICTAONS.
Y10 Sound2Scene [70], ypnotponowdviag ontxooxoustixd Levyn ano 1o VGGSound [12], D =
{Vi, A}, 6mou V; ebvon éva otryétuo Bivieo xon A; ebvon fyoc, otdyoc etven vo udidet o xwdixo-
TonTAC AY0U VoL eEdyeL YopaTnELe Tid Hiyou z = fa(A) mou evor eudUYpaUICEVY E T OTTIXG.
yapaxtnpotnd z¥ = fi(V), mpoonaddvioc va ehayiotonoindel to InfoNCE loss [74]. Metd
TNV EXTABEVOT), Tl SLavOoUATA iy oL UTopolV va a&totoindoly yia Tn xoodhyNnon TS ToEaywYNg
EWoOVoC.

Mo dAAn onpoavtixy doukewd eivor o AudioToken [81], to onolo ofonoiel éva Stable Diffusion
yio T mapaywy ) eovac. ‘Eva 8ixtuo xwdixonoinong fyou apyixd mopdyet €vo SLevucUa Y oU, TO
omnolo TEOBAAAETOL OTO YEO TOL XEWEVOU xou €Tol umopel va yenowonowiel o éva text-guided
HOVTENO OLdyuoTC.

Téhog, to Sonic Diffusion [7], extéc amo tnv xowr| avanapdotoon emxévoc-fyou, aZloTololy ot
CTEMHATI BLAGTAVPEOVUEVTS TEOCOY S HECW TwV oTtolwy Ta tokens #you, utopoLy va evowpatekdoly
otn %001 YNoN TNG TARAYWYHS EXOVIC.

Ot mponyolueveg pédodol woTOC0 €YOLY XATOLOUS EYYEVHC TEQLOPLOUOUS, OTWS:

o H napaywy? emdvev Pactleton og amhols fy0ug TOU TEOEEYOVIOL UTO CUYXEXPIIEVES TNYEC
xa Oyl ano TEPIMAOXES OXNVES
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Train Bird [* g |
Whistling § Singing ’m

+ + " -
Skiing Skiing ﬁ
Train Bird g
Whistling Singing

+ +

Hail Hail

Yyhuo 1.0.17: Hopoydeioec Exdvee Avaperyviovtac Avo Awagopetinée Kuuotouopgéc Hyou ano
[70]

e(a’)

¢('photo’)
"A photo of a" Text-Tokenizer
e('of")

e('a’)

Generative
Model

€audio

T

Embedder

Pre-trained
Audio-Encoder

.

SyAua 1.0.18: Apyitextovinf) AudioToken ano [81]

e Acv dlodétouv T culoYLo T Tou Yeeldleton 1) eneepyacio plog CUVIETNG AXOUC TIXNG OXT)-
VAC, UE OLdpopous, TIUVOC ETXAAUTTOUEVOUS Ny OUS

I'woowd Movtéha "Hyou

H avddel&n twv YeYIhwY YAWOOXDY HOVTEADY WC EVOL oY URO ERYUAEID GTO TOUEN TNG ENEEEPYO-
olag QUOTE YAOCOUG EPERE OTNV ETLPAVELXL EVOL EVAOYO EQOTNUAL, OVUPORIXE UE TNV ETEXTACT TV
OUVATOTHTWY TWY HOVTEAWY QUTWY OE ETUTAEOV YECA, OTWS Efval 0 Hyoc. 210 TapeAdoy, 1 cuviToEEN
YADGGUS xat iy ou eUpovi{oTay o€ TEOBAAUUTA XAUCIXAC UNyavixig udinone, otwe n ta&vounon o-
AOUCTIXNAC oMYA, O EVIOTIOUOE UXOUC TIXWY YEYOVOTWY, 1) QUTOUATY TERLYRpT| You x.A. . Méypl
TEOCHITA, Tol TEOPAAUATA AUTE TEOCEYYIOVTUC UE CUYXEXQUIEVES UPYITEXTOVIXES VEUROVIXOY Ol-
%xtOnv. 261600, xodog oL epyaolec aUTEC CUVLTHEYAY OTY| BLIC TAVEWGT| XEWEVOU-TYO0U, UEXETOL
otpdgpnxay oo Meydho I'hwooind Movtéha xan eXETAAAEDTNXAY TG YAWOOIXES TOUC YVWOELS YLk
va onptovpyniel pa véa xatnyoplor povtédwy, to Meydha I'hwooixd Movtéha ‘Hyou, to onola a-
VAXOUY GTNV EUPUTERT XUTNYOR TV TOAUTROTUXMY UEYIAOY YAWOOW®OY UoVTEAWY. To ueydia
YAWOOIXA HovTtéha Yyou exmoudevovton eite péow avtrdetxic pudinone, eite yéow npdliedne tou
enopevou token.
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1. Extetopévn mepiindn oto EAAnvixd

Ta dixtua mou exnawdedovton pe avTideTnr] Yainom, allomololy €vay XMOLXOTOMNTY Y oU XL
XEWEVOU OE Lol SouT| TUPYOU, HOTE Vo uddouy Evay x0owd TOAUTEOTIXO Aavidvmy Yweo. Metd tny
EXTUOEVOY| TOUC, UTopoUV Vo yenotwormointdoly yia tadivounon 1 avixtnon. Iopdderyyo tétotou
wovtéhou etvon o CLAP [24].

Ta yovtéla mou eumintouy otn xatnyoplo Tng pdinone uéow npdfredne tou enduevou token,
TAALOLOVOUY xdde TEOBANUA HYOU KOS TEOBANUL EPWTOUTAVTACEWY Xl TORAYOUY ATAVTHOELS AVOL-
ytoU tomou. Aoocpévou evde Ledyouc dedouévwy (a,x), dtou a unodewxvier Ty oxoloudio fyou
xou X TNV axoloudio xeyévou, o oTtdyog TNe exnaideuong ebvar 1) Yeyiotomoinon tng miavotnTog:

Po(x¢|x<t, Encodery(a)),
,6moL ToL B % @ BNAGVoLY TIg exTondeEVoLUES TapaUETEoug Tou LLM xou Tou xwdixorownty| fyou

[15].
Iopaxdtes atveTtan 1) YEVIXYH EYITEXTOVIXY| EVOS TOAUTEOTUXOU UEYAAOU YAWCOIXOU LOVTENOU.

Modality Encoder MEy Fr LLM Backbone D Modality Generator MGy
- Text t —— —l
NFNet-F6
- Flan-TS ChatGLM Image
Vit Input Projector Oxr Output Projector Op_x
image | Linear Projector Stable Diffusion
Image Video CLIP ViT uL2 Qwen
MLP
Tiny Transformer :
evacupvit  Fx Py, S H Video
Ix Cross-attention Chinchilla oPT X 24
vid — -
ideo wee
= [P Zeroscope
cF Q-Former
Srormer PaLM LLaMA e
Audio ] | (g0 P-Former
I Audio =  HUBERT A Audio wlfiere
MQ-Former LLaMA-2 Vicuna
BEATS 4 AudiolDM
v J L J
. M . . T .
Multimodal Understanding Multimodal Generation

EyAua 1.0.19: Tevinhy Apyitextoviny| HHohutpomxdyv Meydhov Mhwoowdv Movtéhwy oo [82]

Anotelolvtal aro:

Koowomownts Mécou

ITpoBoréa Ercddou

Meydho I'\woowxd Movtého

[TpoPoréa EC6B0ou

o ['evvitpla Mécou

To xbplo otowyelar ebvon To Tplor TpdTo. O HWBIXOTOMNTAG AVUAXUPBAVEL TN XWOXOTOMCT TWV To-
AUTEOTUXOY BEBOUEVWY GE Wiol XUTEANAY avarapdo taot, o npofoléas ewwbdou (Input Projector),
TEOBIAAEL TIC HWOOTIONUEVES AVATURUC TUCELS TV OEBOUEVWY EL0GO0L GTo Yweo Tou LLM wote
Vo Umopoly Vo yenotporointoly wg icodog 6To peYdho YAwooixd poviéro. To LLM amotehel
70 vonuxd oTtddlo Tng dtadixaciog, 6mou Ue BACT TIC YVOOELS TOU €YEL AMOXTACEL XATO TNV EXTO-
(BeuoY| TOU, EYEL TNV IXAVOTNTA VO ATAVTACEL XATIAANAAL OTIC OOOUEVES EPWTACELS. Y€ OPLOUEVEG
nepintooelg, To LLM unofdhheton oe pior tepontépw eXTaldeucT) Twy TopouéTewy Tou fine-tuning,
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UE BLapopeg TEYVIXES, WOTE Vo PEATIOVEL 1) amdOB0GY| TOU OTIC EMEXTAUEVES AMUUTHOELS TOV EPWTHCEWY
fyov. To LLM unopel oto téhoc va mapdyZel elte xeluevo, elte ouyxexpiéva tokens to omolo Vo
a&tonondoly yio TNV TEPAUTER® TORUYWYT) TOAUTLOTUXGY EEOOWV.

Mo amo Tic mpwtee mpoondlelee, N omolo expetalhedTXE TN pdinon petagopdc (transfer le-
arning) npooeyyilovtac dAec Tic Sepyaoieg you we mapaywyy| xewévou, eivar To povtého Pengi
[19]. To povtého autd eivon eovéd vo SeyVel éva nynTnd XM otny €lcodo, pall Pe plar XEWEVIXN
TpoTEOTY xat vo mopdy&el xelpuevo. Mo ueydhn emtuyio oto xAddo tTng culhoyiloTIXAC UE NYo,
onueiwoe to yovtého LTU [29], 10 onolo emxevtpdvetar oty Bektiwon e ixavdTnrag tou dixtdiou
vor avTthoBaveTon Xt vor xatovoel tar nynTixd ofota oe €va Baditepo eninedo. To Qwen-Audio
[15] etvon entiong amo o O PEYSA xou oY UEE LOVTEND OTOV TOUEN auTd. Luunepthoudvel méve
aro 30 Siepyoaoieg, oo TOVIAC EPIXTES TIC IXAVOTNTES XATAVONOTS XAVOAX®Y Hywv. Alonolel To
Whisper-large-v2 [57] we xwdixonomnty fyou xat 1o Qwen-7B [3] w¢ to LLM.

TRANS TIMES-
ZH | Cpipe Tamps ZH | WLT | 0.00 | My | 0.15 | cat | 0.32 ‘

T Next Token Prediction

QwenLM g%,m;

Input Training Data

Multi-language transcription
» “What work are you doing now?"
P <I0.001What<l0.23l>work<l0.43l>are<i0.45l><ISILI><10.511>...

Any-to-any translation
* CHIDERAHARNRL, RHETSETESR0AE

I remember the reaction of my teammates, who reached ...

Audio caption analysis
» (Background birds chirping and music playing)
¥ A guitar tune is played with birds chirping in the background.

ZH

Audio keyword analysis
® (A man speaks Chinese)

TRANS TIMES-
_crige Tamps, ZH ﬁ My ’; cat

Audio Encoder “

P Chinese, male speech
Audio question and answer

®» (Sound of a car)

P Q:Are the sounds outside? A: Yes.

Multi-Task Training Format Framework

Transcription Tag Audio Language Tag Timestamps Tag Output Instruction
B ANSCIsE = [
START OF E E TRANSLATE oE s ‘ TIMESTAMPS TRANSCRIPTION WITH ENTITY
TRANSCRIPTION —
o | FR| |7 CAPTION it I or 3 [ emomon |
i [0 KEYWORD e

START OF — NO TIMESTAMPS —
ANALYSIS TIETET Question [ s ]
R [ seeaxcrino |
[ soneiwre ]

g /

Eyua 1.0.20: Apyttextovinry Qwen-Audio [15]

[Topdro mou Tar TOALTEOTUXA AUTE LOVTEAN €YOUV ETUOEIEEL UPXETEC TPOOTTIXES OE BLAPOEOUS
Topelc mou aopolv Tov Yo, thieTon axdua Tpog cLlHTNoN 1 XAVOTNTA ToUC Vo cuAAoY(CovTon Ye
Bdon Tov )0 %ATL TOU XWAUCLERYEL TN YEVIXT] XUTAVONOT| Y OVL.

Alaywpetopnoc Kadolxod Hyou

O Buarywpetopog xadohxo) fyou avapéeeTtal oTr SLaBIXUcio XATAOKEVNG LOVTEAWY, T OOl OEV
replopilovTon Ge ULl CUYXEXEWEVT XATNYopio iy wV, Xol OTOYEVEL GTO Sl WEIOUO EVOS oY VOOTOU
apripol TNY®y, doouévou evog avdaipetou yelypatog. Xe avtileorn ye dAAEC LoppE Bl wpelonoy,
OTOU TO GUVOAO BEBOUEVMV EVOL TEQLOPLOUEVO GTO Ol WEIOUO OUIAOC 1) HOUCIXMY OpYAVWY YLot
TAEABELYUaL, O XJOMXOC HYOg TEPAElEL Uiot TANUMDEA AXOUGTIXWY TNYWV.
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1. Extetopévn mepiindn oto EAAnvixd

Abyw avemdpxelag GUVOADY GEBOUEVLY OANG xat AOYw €VOC EEOUEETIXG AMOUTNTIXOU GTOYOU GUVO-
Axd, o Blaywetopog xooAxol Hyou Bev €xel yvwploet, uéypl oTiyung, TNV avdmTtuin mou €youv
0L oL dhheg poppéc Blaywpetopol. Eivar wotdéco hoyixd, av cuAhoYLoTEL XaVElC TOV UTOXEWWEVIXO
YopoxTrpa Tou €yel To LATNUO TOU Bloy welopol xadoMx®OY fywy xou Tn UETUBANTOTNTA Tou avdhoyo
TNV EXACTOTE XATACTACT). AXOUA XU O TOUENS TNG AVIAUCTIC AXOUCTIXAS OXNVAC Ao Tov dvipnto
eZehlooetan, mpoomaddvTog vo xotahdBouue Twg ol dvilpwrol €xouv TNV avoTnTa Vo Eeyweilouv
ULOL GUYXEXEWIEVT) TTINYT) (0L OEYOUEVOL EVal UEYAAO apLIUd AXOUCTIXWY GUYVOTHTOV.

Aro T npdteg mpoondleieg ebvan 1 Sovketd twv Kavalerov et al. [41], ot onolot emuerdnray
€VOL VEO GUVOAO BEDOUEVHV XAl TO YENOWOTONCAY YIo VO TELUUATIO TOUV UE DLAPOPES ARYITEXTOVIXES
oy wplopol Bactopéveg oty wdoxo. Mua oo Tig apyttextovixég mou e€€tacay HTo pla BEATILOUEVN
éxdoomn tou ConvTasNet (TDCN) [51], avagepdpevo wg TDCN++. To povtého ConvTasNet,
AELTOUPYEL OTO YWEO TOU YEOVOU, YENCULOTOLWVTAS VA TAUGLO XWOXOTONTA-UTOXMOLXOTOMNTY| UE
Bordd cuveltind otpwuata. Awrdétel Tpla 0TEdI: KwdlkoTonNoT), O1axWPIOTLOS, ATOKWOIKOTOMOT).
O %xwdoToNTAS dEYIXE UETATEENEL TNV XUPATOUORPT| ELGOBOU GE ULl AVATIRAC TUOT), OV YETOLLO-
moteltan Yoo TV extiunon paoxoy yior xdde Ty HEow eVOC YEOVIXOU GUVEAXTIXOU BXTUOU, XoL OL
HUUATOUOPPES TWV TINYOV OVAXATACKEVALOVTOL HETE TOU XWBIXOTOUNTH.

To FUSS baseline model [80], ypnotponotel pa Bedtimpévn éxdoon tou poviéhou autol, Ue
woxpUTepeg skip-residual cuvdéoelg, eninedo xoavovixonolnong yoEaXTNELOTIXGY avTl yior xadohixt
XAVOVIXOTIONGT) XU Lol TIOURAUETEO XAWUAHWOTNG UETE om0 XA TUXVO CTEOUN, JQYIXOTONUEVY] CE
éva exdetind pdivoy Boduwté ico pe 0.9%, émou £ eivor o Seixtne tou emmédou. To poviého auté,
elvor eovo vau Bl wellet yelypo fywyv e éva uetoBAnTto aprdud mnyodv. Apyxd, o doouévog Hyog
UETATEETETOL OE €VOL PUCUATOYRAPTUA UE Tapddupo 32ms xou 8ms avamhdnoT), xol To TAATOS TNG
avomopdotaong authg mapéyetar oto oixtuo TDCNH4+, yio tnv ebpeon M yooxoyv. Ou pdoxeg
QUTES, TOAATAACLECOVTOL UE TO PUOUATOYEAPTUO ELGODOU Yol Yot Vo oy YO0V Ol XUUATOUORPES
TV Bl wEIoUEVLY TNYoy epapuoletar evag avtiotpogog STET. Téhocg, epapudletar éva eninedo
CLVOYNC UELYHATOC OTIC BLOY WELOUEVES XUUATOUORPES:

1
Sm = Sm + M(az — > s Sm?)

,T0 oTtofo TEOPBIAAEL TIC Ol WEIoUEVES QUTEC TNYES €Tl (OOTE Vo odpoilovTon GUVORXE GTO aEY X0
uetyua eloéoou. Ta detypota Tou FUSS cuvdrou dedouévmwy €xyouv ano 1 €wg 4 mnyég fyou, ondte
emhéydel to M = 4.

H ouvdptnon anwietog mou epopudlouy eivo:

‘C(Sv é) = melfﬁ[zn]‘ﬁ:l £SNR(Sma7 §7r(ma)) + ZTA){O:MGJA ﬁo(l‘, §7r(mo))]7
™

omou Lsnr(y,9) = 10logio(|ly — 911> + 7l|yl|?) ebvor 1 amdrero ava wnyh xow Lsyr(z,§) =
10log10(|[9]|* + 7||x||?) etvon 1 omdAewa Yo prrevepyh Sloywplopévn Tnyy.

ITebtaom

H Soduacio tapaywyhc emxovae Baclopévng amoxhEIc TG TNV axoUC TixY| TANPopopia BeV €yl
e€epeuvnUel EXTEVHOC X0 To OVTEAX TTOL EEETACUUE TEOTYOUUEVKS YLOL TIOROY WY T) ELXOVAS, OEV EYOLY
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Encoder

Separation

Decoder

Spk1

spk2 Mixture waveform

Encoder weights

o

Encoder output

512 512

Basis index

Time (ms)

500

Time (ms)

[}
N

Basis index

Time (ms)

500

YyAua 1.0.21: ConvTasNet Pipeline [51]

Decoder weights

Time (ms)

TNV BUVITOTNTO GUANOYLOMOU, XATL TOU TG TEVOUNE Twe eivon avoryxafo oTnv enedepyaotar XL xoTa-

vonon uiog ouvietng axovotxrc oxnvic. H ontixomoinomn wag emdvac pe Bdorn tov fyo yevixd,

/7 7 4 e e 4 e e 7.
xatohfyel o€ Tplo Poond otddia. Apyixd, o Yo culhouBdvetar xou encéepydleTon MOTE VoL TEX-

unetwdouy oL EMUEEOUC TNYEC TOL you. LT CUVEYELX, UTHEYEL £Val GTABL0 GUALOYLOMOU, OTOU OL

Eeywptotol Aot xou oL oyéoelg PeTah Toug avtio TolyilovTion o€ OTTIXES OVIOTNTES, TEPLYPAPOVTAS

€T0L Lo AETTOUERT] EXOVAL TTOU OTT) cLVEYELX onToToteltan. Kdmoleg amo tig ontixée Aentouépeleg

NG TEELYPAPNS OEV UTdEyoUY GToV NY0, ahAd uTopolV va anogovioly amo TEOTERT YVOOY TOU

puoxol x6cuoL. IMa ToEddeLYpa, oV aXOUGOUUE TOV Ny ULog ayEAdDoC, etval DAOYO Vol OXEPTOUUE

TG UTIAPYEL Lol PAPUOL XOVTE AXOUA XAl v QUTY 1) OTTIXT TANPOQopla BEV UTEEYEL GTOV 1))O.

SOURCES

R SOURCE
""\IWAW" SEPARATION

INPUT MIXTURE

—> M~ —
—>NN\/\]W\/\P—>

—>  N\W WA~ —)

—> ~ N AN~ —

AUDIO LANGUAGE
MODEL

VLol

CAPTIONS

[

[

[

[

Yyfua 1.0.22: Tlpotevduevn Médoodog

V)

LLM

— [ ICIC e

IMAGE
DESCRIPTION

To Teé€ywv PeYdha YAWOOIXE HOVTENA 1Y OU, BUGKOAELOVTOL VoL aVTATOXEWOUY GE TEQITAOXES axXOL-

O TES ELOOBOUE PE AV EMLXAAUTTOUEVOUC 1) OUC, X0 OEV EXPETUANEVOVTOL TANPWS TIC YAWOOIXES

oUAMOYIGTES duvatotnTeg Tou LLM, tote vo cuumepdvouy xatdhAnAa OTTIXEC AETTOUERELES OO
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1. Extetopévn mepiindn oto EAAnvixd

ToVv 1)0.

INo autd T0 oxomd, apyd e€eTdloVUE TNV IXOVOTNTA EVOC HEYAIAOU YAWGGIXOU LOVTEAOU 1Y OU
VOL TORAYEL LAl OUCLUGTLXY) X0l OTITIXA ATOTEAECUOLTIXT TEQLYPAUPY) ELXOVAS. 1 TT) GUVEYELXL, TEOTEVOUUE
wa uédodo, ue otoyo TN Bektiwon Tne TEpLYpaPnc Ulag OTTXASC oXNVAS UE Bdom ToV Y0, UE ATWTERO
oxomd TN Lertiwon TV TEMXOY EXOVLY.

Apyixd, 10 Boouévo NYNTIXG XALT TEPVEEL ATto EVaL LOVTEAD Blaty wElool Yy ou, KhoTe va e€oy Yol
ol emuépoug TNYEC. AuTo To GTASLO, ATAOTIOLEL TNV OVAY VOELOT) TOY ETUEEOUS YWY OO TO YAWOGIXO
HovTéro Myou, xadoTdvTag duvath Ty enelepyacion mo cOVIETWY €l0ddWY. TN CUVEYELL, OL
XUUOTOUORYES TWV TINYWYV BivovTon w¢ el0080L 6T0 YAWCGIXO HOVTEAD 10U OTE VA VLY VWELOTOUY
oL fjyol xou vor ooy Yol oL AeCAVTEC IO AVTIGTOLYOLY GToV exdcTote Hyo. Télog, alomoleiton
EVOL UEYAAO YAWOOWO HOVTENO, WOTE VO CUUTTUEEL TIC eMEPOouC AeCAVTES Xal VoL GUANOYLOTEL plol
ebhoyn TEpLypapn onTxrc oxnvic omou cuvdudlovtan. H meprypapr) auty, unopel otepa vo Sovel
0¢ €l0080¢ o€ €val HOVTEND TapaywYNS EMOVOC, Yo vor ooy Oel 1 Tehixn] exdva.

DIFFUSION O
LTI )—
MODEL
IMAGE
DESCRIPTION

Yyfua 1.0.23: Topoywyr Euodvag

ITetpapatind AnoteAEéouota

Ta nelpdyota €Youy oxomo TNV oELOAOYNOT EVOC PEYIAOU YAWGGXOU LOVTEAOU Ty 0L VoL TTapAYEL
TUOTEG MEPLYPAPES EXOVAS UE BACT) TOV DOGUEVO Y0, XU 1) GUYXELGT| TOU UE TN Ot wag pedodohoyio.
Aonpolue Ta telpduato oe Telo oTdoLL:

o Apywnd, e€etdlouye BlapopeTNEC TEYVIXES TROTEOTAC YENOWOTOLOVTAS (G TOAUTEOTUXS Uo-
viého 1o Qwen-Audio, wote va Bpodue av unopolv va BeAtindoly Ta anoTeAéouato Ywelg
TEPALTERL EXTIAUOEVOT) X Vo ETLAEY Vel Lol AVTITPOCHTELTIXT] EXBOYT) TOU

® XITr GUVEYELD, TORAYOUUE XEWEVIXES TIEQLYPAUPES YENOUOTOLOVTOS TO ETMAEYIEY LoVTELO Ty ou
xa T 0wy pog pevdodoloyia oL GUYXEIVOUUE Tol AMOTEAEGUATO

o Téhog, drahéyouue ta xahUTERA DelyUorTa, Topdyouue exoveg xan dle&dyouue avdpdmvy oflo-
roynon

ITpoetoipacio Zuvolou Acdopévmy

IMa o oxond g epyaoiag, yeewalbuactoy delypata cOVIETWY YWY, He TOAATAES (xat v
emxoALTTOUEVES) TNYéc. Tt Tov Adyo autd, otpagrixaue o évol GUVORO BESOUEVLY TIOU YENOULO-
rotelton yia daywptopd fyov, to FUSS [80]. To Free Universal Sound Separation (FUSS) cvoho
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dedouévemy, TeptéyeL uelypata fywy, cuyxevipnuévwy oro to Freesound Dataset (FSD50K) [26], to
omolo etvar €var GOVORO GEBOUEVWV TIOL TEQIEYEL AXOVUG TIX YEYOVOTA ETUOTUEIWUEVD U AeCAVTES OO
v ovtoroyia tou AudioSet [27]. Kéle delypo, neptéyet évor axouotind pelypo 5éxo SeLTEPONETTOVY
amo €vay €we TECOERIC TPOCTLWEUEVOUS HY0Ug, Ol OTO{0L GUVEMGOOVTOL UE TEOGOUOWWUEVES XPOU-
otweg amoxploelg dwuatiou. Kdie xpoustinr andxpovon, aviictoyel oe éva opdoymvio dwudtio
Tuyatou peyédoug xan Tuyala LA Tolyou, 6Tou Eva uxEOPWVO XaL £m¢ TEGOERLC oL, ToTto¥eTo-
Ovton oe Tuyaieg Véoeic. Me autd to TpoT0, Tar TEAXS OElypoTal €Youv avTiyno.

Xenowomowotue 1000 delyyota ano to cOVoho a&loAOYNONE TOU GUVOLOL BedoUévmY, uall pe Tig
heldvteg xdde empépoug Tnyhc tou uelypotog. Kdlde yoauurn mepiéyet to dvoua tou opyeiou, tov
Thvoa avamapdotaong Tou Yyou, Ti¢ AeldvTeS xou Tov aptiud TV TNYOV.

filename mixed_audio_array source_labels number_of_sources
example0000.wav [0.0,0.0,0.0,0.0,0.0,0.0,0.0,0.0,0.0, ... [Rain,Water]

[0.0, 0.0, 0.0,-3.0517578e-05,-3.0517578e-

example0001.wav 05

[Wind, Glockenspiel,Mallet_percussion,Percussi...

example0002.wav [0.0, 0.0, 0.0, 0.0, 0.0, 0.0, 0.0, 0.0, -3.05... [Harmonica,Musical_instrument,Music]

[0.0,0.0,-3.0517578e-05, 0.0,-3.0517578e- [Mechanical_fan,Mechanisms, Alarm,

example0003.wav 05... Female_spee...

example0004.wav [0.0,0.0,0.0,0.0,0.0,0.0,0.0,0.0, 5 [Hiss, Wind_chime,Chime,Bell, Tick-tock,Clock,...

Yyfuo 1.0.24: X0voho Aedouévwv

Iapoxdtey patveton 1 xotavour| Tng ouyvotntag xdde heldvtag, ahhd xou 1 xortorvouy| Tou optduod
TWV TNYOV.

FREQUENCY

LABELS

Yyhuo 1.0.25: Kotavoun Luyvotntog Axouostindy Aeldvtonv

ITpowro Ileipapa: 30yxpion Teyvixwy Ilpotponyg

Xenowomnowdvtag 1o Qwen-Audio-Chat, nelpopatio THXOUE UE TEELS BIUPORETIXES TEYVIXES TEO-
Tpomng, ouyxexpuléva zero-shot, chain-of-thought xou role. I'a to cuyxexpévo teipoua, emAégaue
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1. Extetopévn mepiindn oto EAAnvixd

400 1

350

300

250

200

100 1

50 1

1 2 3 4
number of sources

Eyfuo 1.0.26: Katoavour tou Apiduold tov Inyodv

évar utocvoho 100 Berypdtwy Tou aEYLXol GUVONOL BEBOUEVKV.
Meé9o8olL AZoroymnong

M tocotix uetpwr| mou alonoleitar 6To cuyxexpyévo melpoua elvor to CLAPscore. Xon-
owomnotdvtag to poviého CLAP [24], petpdue 0 cUVNULTOVIXTH OUOLOTNTO TWV BLvUoUAT®Y Ay ouU-
xewévou, 1 onola expedlel To TOG0O duola elvon 0 Nyog Pe To TopayIéV Xeluevo.

ine similarity= Sc(4, B) = 0
cosine similarity= S¢ (A, B) AT B

Qot600, N onuoveyia wag ewovog, Bactopévng ot ua cOVIETN oxouc T oxnvy|, etvon Ui Te-
plmhoxn xou OE OPIGUEVES TIEQLTTMOELS UTOXELEVIXT| OLodWAGTd, ATOTEAOVUEVT] ATO ETUUEPOUS GTAOLL.
Apywd o fyoc Yo mpénel vor Ang@iel xon var avory vopLlo TEL ETITUY KOS, Xo 0Tr cLVEYEL Bor TEETEL Vot
UTIEREEL XAUTAAANAY TEEQLYRUPT| TNG OTTIXAC OXNVAC oo TNy omola Yo unopoloe va elye meoxdel o
ev Aoyw fyog. T autd 10 AoYo, 1 cuvolixy| daduasia elvon BUoxolo va a&lohoyniel pe mtocoti-
AEC PETEWXES, XANOTWVTAS ovoryxolo €Val TOLOTIXO TEOTO a&lOAOYNONG. MUVETGC, axoloudolue T
teyvixr) LLM-as-a-Judge, o&lonoudvtog éva yeydho YA®WGowxo Hoviého yia thy anddoor Boduoro-
yiog otic meptypapéc. Tuyxexpéva, yenowonoolue to Mistral 7B-Instruct [38] .Ot pyetpixéc mou
YENOWOTOOLVTOL Yior TNV 0&lOAOYNOT TG CUVOAXTC Bladxactog etvou:

o Avtiindn fyou, 6mou PETEAUE TOV apLIUs TV AVTIANPIEVTLY TNYOY fY0U CUYXELTIXE UE
Tov ahnhvo aprdud TNydv xou Beloxouue To TOGOGTO TV SELYUITWY TOU TO HOVTERO Bprixe
Mydtepouc fiyoug amdt etvan tpaypoatixd (US), ioouc Ayouc (ES) xau nepioodtepous fyoug

(0S).

o Avayvopiom fyou, OTou UETEAUE TNV ox@IBEL TNG oVOY VORLOTS OAWY TWYV TYKOVY 10U oTo TO
petyyo eloddou

e Yuvoyt, omou Poduohoyolue TN TepLypapt] XeWévou Pe Bdom T cuvoyy| Tng Ue oxop ano 1
¢wc 10
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4 Z 7 7 4 7 7 e ’
o Omuxy) hentopépeia, 6mou Boduoroyeitar ano 1 €mg 10, té6c0 Teptypapixd elvar To XelUevo xou
%At TOGO AmOBIOEL OTTIXE Wit EXOVAL

o davtocia, omou aflohoyelton amo t0 1 éwe to 10, 1 txavoTHTAL TOU HOVTEAOU Var QovTale-
Tol OMTIXES AETTOUERELES TIoU Bev Pploxovion oTIC axouosTIXES TANEOPoplec ahhd UTopolyY Vo
cuvay Yoy hoyd ue Bdon tov fyo.

o Kotadiniotnta, mou Baduoroyelton amo 10 1 éwg 10 10 1 XAToAANAOTTA TNG XEWEVIXHC
TEPLYPAPNC, WS TEPLYEAPT] EXOVIC GUVOAXJ.

Arnoteléopata

Iopoxdtey, paivovtal T amoTEAESUATO Yio TIG UETEWXES AELOAGYNOMG, OTIOU €YOUY TUPOUCIAGTEL
oLVOETAHOEL ToU apLioy TwY TNYWY Tou Nyou, o onolog opllel évay Badud duoxoliog.
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mm 7S
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S 0.6
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Eyfua 1.0.27: CLAPscore

100

100 — 7S
100 CoT = Role
75 — CoT

Role 80

percentaget
percentagedt

1 2 3 a 1 2 3 4 1 2 3 4
number of sources number of sources number of sources

Yyfua 1.0.28: Under Separation (left), Equal Separation (center), Over Separation (right)

‘Onwe @ofvetar xoL omo Tol YROUPHUATA, TO UOVTEAO BUGKOAEVETOL VO ovoryVwploel Tov axplfn
ot TV TGV fyou xadog ol Tyéc you avidvovtar. To mtocoatd OS unodeviel 10 1660 10
wovtého éyel naponodroelc (hallucinations), 86t pe Bdomn g neprypapéc, Berxe Topandve nnyéc
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1. Extetopévn nepthndn ota EAAnvixd

YOV ano OTL EfVAL GTN TEAYUATIXOTNTA. 1€ YEVIXES YROUMUES, OAEC OL TEYVIXEC TPOTEOTAC AMOBIGOLY
70 (010, X3TL AVOPEVOUEVO EQOCOV 1) TEOTEOTY) XEWEVOU BEV UTOREL VoL ETLPEREL CNUAVTIXES OANAYES
oTo TeéTOo avTiAndng Tou fyou.

100
— 7S
== Role
m— COoT
80
S 60
g
[=
[0}
2
8, 40
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0 T T T
1 2 3 4

number of sources

Eyfuo 1.0.29: AxpiBea Avayvipiong tov Hywv

‘Onwe %on TEONYOUUEVKE, TO HOVTEAD DUGKOAEUETOL VoL VY VOPRICEL TIC TNYES TWV 1YWV, EOXA
oty 0 apriuds Twy TYKY elval LPNRoS.

101
. 7S
B Role
mmm CoT

score

context visual detail imagination image appropriateness

Yyfuor 1.0.30: Metpwée Heprypogpric Ewdvog
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Y UVONXA, AZLOAOYWVTAC TIC XEWEVIXES TEQLYPAUPES TOL HOVTEROU, BAéToupe twe 1) Teyvixr Chain-
of-Thought €yl 10 vdmrdTeEPO OXOP Avduesa oTic utdhotneg. Movo ot gavtacio, n teyvixn Role
Tapéy el XAADTERA AMOTEAEGUATA, ATL (GWC AVUUEVOUEVO EQYOCOV AVOIETOUUE GTO UOVTEANO TO POAO
Tou oxNVoUETY, Tou mavoy vo wiel To LOVTERD VoL OXEPTEL TEPLOOOTEPES AEMTOUERELES OYETIXG UE

TN oxnVvA.
Acitepo Ileipapa: 30Oyxpion pe Ipotewopevn MeDodo
Y10 8e0TEPO PEPOC TWV TELRUUATWY, oELOTOOVUE TO GUVORO BEBOUEVWY YO VoL GUYXPIVOUUE TO

aEY%6 LOVTENO UE TN TEOTEWVOUEVT] HEV000, YENOULOTOUWVTAS DLUPORETIXES ETIAOYES Yl xdde T
Tou oLOTARATOS. Ot BLPORETIXES ETLAOYES QUVOVTAL TUEAUXETW:

Audio-Language Model LLM Prompt Size
Qwen-Audio Qwen LLM  zero_shot prompt 15.5B
EnCLAP Qwen LLM CoT prompt 7.6B
EnCLAP Qwen LLM  zero_shot prompt 7.68
Qwen-Audio Mistral LLM zero_shot prompt 15.5B
EnCLAP Mistral LLM ~ CoT prompt 7.68
EnCLAP Mistral LLM zero_shot prompt 7.68B
Qwen-Audio Falcon LLM zero_shot prompt 15.5B
EnCLAP Falcon LLM CoT prompt 7.6B
EnCLAP Falcon LLM zero_shot prompt 7.68

ITivaxog 1.0.1: Emoyég [potevépevou Yuothuatog

Q¢ yovtého Sy wetool fyou a&lonololue To povtélo nou topéyeton ano to FUSS dataset, w¢
HOVTEND YADOGUG-1) 0L BoXALouUE TO apyixd oahhd xou éva apxeTd wxpotepo, To EnCLAP-large
[43], xou we LLM, newpopotiotixaye e tpiot dlopopetind Yeydho YAwooxd Hovtéha xou pe 500
OLPOPETIXEC TEYVIXEC TPOTEOTHC. Emouévee, cuvohixd €youue 9 Bla@opETIXG AMOTEAEGUATAL.

To amoTEAEGUAUTA YLl TO BLOYWELOUO XL TNV OVOLYVWELOT) TOV YOV PUVETAL TOEUXATwW:

10 xoupdTt TN avTiAndng xou TN avary vodplong Tou 1y ou, 1 TEOTEWOUEVT UEH000C GNUELDVEL
Behtiwon av xan Oyl 1660 onuavtxr. ‘Otav o apriuodc Twv TNyoOY fyou EENepVdel Toug 3, 1) TEOTEL-
vouevT U€dodog, xou cuyxexpwéva ue yenorn tou Qwen-Audio, emTUYYAVEL TN CWOTH avary VEELOT
e €l06dou o LYNAGTERO TOCOGTO AmMOTL TO aEYXO UoVTERD. (20TOCO, O YEWXES YPUUUES, To
ATOTEAECUOTA TUEUUEVOUY GLY oL

‘Ocov agopd TNV a&LOAOYNON TWV TERLYPAPWY EXOVAC, EYOUNE Ta €€NC AMOTEAECHATIL
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1. Extetopévn mepiindn oto EAAnvixd

accuracy%

[apatneolye, Twe 10 apywd povtélo tetuyaivel upnioteen Baduoloyia we Tpog T cuvoyn TNne
Teplypopric. Auto ogelheTon xaL 0To YEYOVOS OTL 1) €€000¢ TOU 0Ey 00 UOVTEAOU UE TN TROTEOTH
Chain-of-Thought, eivar mo ene&nynuoatixy) tou doouévou fyou, yweic va exteiveton oe OTTIXES
hentopépeieg. ap'dha autd, oTic UTONOLTES UETEIXES, TO TROTEWVOUEVO GUGTNUO EETERVIEL TO PYIXO
HOVTENO, %UPlKC WS TEOS TNV OTTIXY AETTOUERELN TwV Teplypapny. Kotahryouue, enlong, ota e€rg

1000 ~

800 -

200 A

100 -

80 1
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o
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o

20 1

CUUTERACULOITAL:

mm ALLM
H Proposed

ES (ON)

number of sources

US

Yyfuo 1.0.31: Metpiée Avtidndne Aprduod IInyov Hyou

e ALLM
N Proposed_EnCLAP
I Proposed_Qwen

2
number of sources

Syfua 1.0.32: AxpBeior Avaryvaptong Inyov Hyou

o I'evixd, n teyvixry Chain-of-Thought xatopddvel To ulmrdtepo oxop xar ota 3 LLM

o Xpnotwonowwvtag o EnCLAP, netuyaivouue xahitepa anoteréoyata

o Avdueoo ota tpla LLM, to Mistral nogéyetr neptypapéc pe meplocdtepn cuvoyr| xo Teplo-

COTEPEC OMTIXEC AETTOUERELEC

e To Falcon, elvar mo ouverée, €yovtog mopduola anotehéoyato e didpopeg puiuioelg

Teito Ileipapo: IHopaywyr Ewxdévey ano Xxnvég Toawviwy
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Yyfuo 1.0.33: Méoo Exop Luvoyrg yio xdde MéYodo
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Yyfuo 1.0.34: Méoo Xxop Ontixrc Aentouépelac yia xdde Médodo

Y10 0TEBI0 QUTO TWV TEWRUUATWY, EYovTag OlahéEel Tig 800 XoNDTERES BIUUOPPOOELS TOU GU-
OTAUTOS o Yprotdorouwdvtag Tr zero-shot npotpony woli ye to Falcon xou tn chain-of-thought
mpotpont| pe to Mistral, cuyxpivouye Tic 800 autéc dapoppnoelg pe To Qwen-Audio aflomoldvag
NYNTHS XALT Ao TOUVIEC.
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1. Extetopévn nepthndn ota EAAnvixd
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™ Enclap-Qwen-Zero  EEE Enclap-Mistral-Zero
Yyfuo 1.0.35: Méoo Exop Pavtaciog yio xdde Médodo
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Yyfuo 1.0.36: Méoo Exop Katodinidtnrtog Ieprypagpric Ewdvag yia xdide Médodo

Y0Ovoho Acdopevwy

AwhéZope 22 ¥ Touvtedv omo to olvoho dedouévwy Condensed Movies [4], otoyebovtag otny
ETAOYT) OXNVOV UE Evar GOVIETO oxoLOTIXG TEPIBAANOV. ATO Tot XA AUTE, €YIVE TEQPLXOTY| OE [l
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oxnvr} 10 BeuTepORémTwY, Xou eEAYOUE TOV YO XAl Lo OVTLTPOOWTEUTLXY) ELXOVAL.

Avipwnivn AZwohoynon

Tt T xahbTepn %ot To ToLoTIXY AZLOAOYNOT| TV XEWEVIXWY TEQLYPAUPMY UAA XOL TWV TOQEO-
YOEVTOV ewdveY, Oledytn por épeuva amotehoVUEYY amo 800 Uépn. 1TO TEMOTO UEEOS, TA dTOU
mou éhafav P€pog, XAAUNXaY Vo EMAEEOLY AVAPECT OTIC TEELS TEPLYQPUPES TV PEVOBWY, BOCUEVOU
TOU avTIGTOLYOL MY 0L, VLol XGUE Uio OO TIC EMOUEVES EQWTATELS:

1. Tlow meptypagy| Toupldler xohitepa pe Bdon tov Boopuévo 1o

2. Tow meprypapn elvon oTTXG O AETTOUERNC®

3. Iow and g teelg elvar GUVORXS xohbTePn”

Yy €peuva CUPPETEL Y GUVORXS 37 dToyud.

40

percentagedo
percentage%
percentage%

20 18 20 20
6

0 I 0
ALLM FALCON_ZERO MISTRAL_COT ALLM FALCON_ZERO MISTRAL_COT ALLM FALCON_ZERO MISTRAL_COT

Yyfua 1.0.37: Opodtnta ye Hyo (apotepd), Ontixd Aentopephic (kévpo), Xuvolnd Koltepn
(6e&1d)

Avagopixd Ye TV xataAANAOTNTA TN TEpLypaphc pe Bdom Tov fyo, 1 mhetodnelo twv aflolo-
YNty enélele to apyixd ALLM povtého. Autéd ev uéprn umodniwvel Ty amddosr) Tou HoVTELOU,
woTHc0 ebvan avoyxaio vo onueiwdel Twg N emAoYY auty| owg Bev €Ylve auePOANTTA, OLOTL OL Te-
ELYpopég Tou LoVTEROU auToU elval apxeTd emednynuatixéc xon evdeic, mepypdpovTac dUesa TOUg
EUTAEXOUEVOUC 1 0Ug, %4t Tou THdavOy vor xatebBUVE avdAoYa xon Tov HEGO a&LoAOYNTY).

YTIC EMOUEVES EPWOTACELS, Xal WOWITEQO OTNV TEPLYPUPIXOTNTA XAl OTTIXT) ASTTOUEQEL TOV TEQLYPA-
POV, 1 Teotewouevr uédodog pe to Mistral capdg LTEEEyEL EVaVTL TWV UTOAOITOY X0l GUVOALXS.
ATOTEAEL [LOL TIO TIOLOTIXY) TEQLY PUPT| ELXOVOLC.

Y10 6eUTEPO PEPOC TNE EPELVAS, OL GUUUETEYOVTOC XARUNXOY Vo a€LOAOYHCOUY T TTOLOTNTO TWV
TAEAYVEVTWY EIXOVWY ATO TIC AVTIOTOLYES TEQLYPUPES. JUYXEXPUEVA, OOCUEVOU HYOU XL TEUDY El-
XOVOV, Uio Yio x8ve ovotnua, Toug {nthtnxe vo Baduoloyicouy amo to 1(xounid) éwe to 5(udhnho)
Tic emdveg Ue Bdon Tig e€ng epwThoE:

1. Opolotnta ue Tov 800UV 1Y O
2. Peahiotixotna
3. Aentouépela
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1. Extetopévn nepthndn ota EAAnvixd

‘Onwe golvetar xow 0T YRAUPHUOTH TAUEAXdTw, 1) TEOTEWOUEVT Yédodoc ue To Mistral povtélo,
netuyadvel udmAdTeEpo oxop ot dheg Tig peTpwég. Tlog'dha auTd xan oL TpelC amodidouy mapduoLL
ATOTEAEGUATAL.

score
score

FALCON_ZERO MISTRAL COT ALLM FALCON_ZERO MISTRAL COT

Eyfua 1.0.38: Opordtnta ye Hyo (apiotepd), Peahiotixdtnta (debid)

Na onpeinidet tog 1 a€lohdynom TS OUOLOTNTAS TNE ELXOVOC UE TOV Y0, AAAG Xl Ol SARES UETEL-
%€, BLard€TouV EVay UTOXEWEVIXG Yapox TR, Xodog xdde CUUUETEYWY EYEL DIUPORETIXT| TROOTTIXT
xau BIVEL TPOCOY T OE BLOPORETIXG OTUELdL.

score

ALLM FALCON_ZERO MISTRAL_COT

Eyfuo 1.0.39: Aentopépela

Yuvohxd, to cbhotnua Tou TEoTelvoupe, Yenowlonowwvtag o Mistral LLM ye teyvixy) Chain-
of-Thought €yel ¢ xahbTepe a&lohoYNoELS, CUYXELTXE UE TIC UTOAOLTES UetdBOoUC.

CLIPscore

[Mo vor UETEHCOVUE TOCOTIXG TAL ATOTEAEGHUATO UE EVAL AVTIXEWEVIXO XQLTHARLO OUOLOTNTOG OVIUE-
OO OTIC XEWEVIXEG TEQPLYPAPES ot TG oaANOVES EIXOVES TNG TEUYUATIXAC OXNVAC, EQPUPUOCIUE TO
CLIPscore. Xpnowonowvtag 10 yoviého CLIP e&dyope tor SlovOouator XEWEVOU XAl ELXOVOC Xal
UTOAOY{COUE T1 CUVNUITOVIXT] OpOLOTNTAL avapESd Toug. To amoteréopata patvovTon ToEaxdTe.

Ta younhd voluepo oTr YETEIXH AUTY, UTOBEXVUOLY TNV TOAUTAOXOTNTA TNG CUYXEXPWEVNC
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Method CLIPscore 1

Qwen-Audio 0.2279
Falcon-Zero_Shot 0.226

Mistral-Chain_of_Thought 0.2047

ITtvorxac 1.0.2: CLIPscore

epYuolag %ol TNG AVIXAVOTNTAS EVOS AVTIXEWEVIXOU XtTNelou var GUAAGBEL ONoL TaL TOLOTLXGL Y UEUXTY-
eloTixd mou TNV omoeTilouy. AuTd avadeVOEL TUPATAVE ok TNV AVOYXOUOTNTA TNS TOLOTNTAS TOU
TpoopEpeL 1 avip®Tvh aZloAdYNoT. 261000, 1 OYeTIXd et Slopopd ot Baduohoyia Tou apyixol
HovTéNOU, umopel va e&nyniel amo TNV AUECOTNTA Xl CUPTIVELXL TCV XELIEVIXWY TOU TEQLYRUPOY.

Yupnepdopata xow MeAloviixee Kateudivoelg

H epyaoio aut| e€epeuvel yuetddoug yio T mopay Y1) E0A0Y WY TEQLYRAPOY EXOVIC Ao GUVIETES
oxovotixéc oxnvée. Ilepopanloyevor ye SIAPOpES TEYVIXEC TPOTEOTNE Xou TpoTelvovtag éva VEo
Thaiolo Tou TepthaBAveEL LOVTEAD BLoy WELOUOU 1Y 0V, YAWOGCIXO HOVTEND N)YOU XuL UEYSAO YAWCOIXO
HOVTENO, XATAPEQOUE VoL BEATUDCOUUE TN TOLOTNTA TWV TEQLYPAPWY, TI OTOIEC UETH a&LOTOLOVUE YLot
TN TUEAYWYT| EXOVWY UECK EVOC UOVTENOL ToRaY YNNG EXOVOC.

[Top'ohar auTd, €vag oNUAVTIXOC TEPLOPLOUOS TNS cLYXeEXEWEVNC uedodoloyiog etvar 1 tepapyixt
e€dpTNom TV EMUEEOUS UOVTEAWY, OToU 1) anoTuyla evog enneedlel To EToXOhoUTA UE EMTTOOELS
OTO TEMXO OMOTEAEGUOL.

E&etdlovtog Tig yeAovTixég xateudUVoEl, amd To EVRHUATA TG TEEYOUCIS UEAETNG UTOPOVY
vor tpoxOouy ToAAEG uToayduEVES 080,

1. Aoxy| HEYSAWY YAWCOIXOV HOVTEAWY UE TEQLOCOTERES TORUUETOOUC

2. H Beitiwon oto doywelopd xodohxdy Hywv TeTal »¢ XaTahuTIX: 0T CUVOAXT anddooT)
TOU GUOTAUATOC

3. H mopoywyn Bivieo Evavtt emxdvag, elvol To x0VTd 0TOV YupaxTHed TNG AX0UC TIXNS TANROQO-
plag xon xardloTaTon dxewe ONUAVTIXY| OE UEXETES TEAXTIXES EQUQUOYES

4. H avalrtnomn av elvor @ty 1) Toporywyn) HY0U oano exova

5. Ilepropioude ot €va GUYXEXEWEVO Tedlo 1you, OTWS 1 LoVsLXr, (6w odNYHoEL ot xoAlTERA
ATOTEAEGUOLTAL

6. Beltiwon twv YeTE®Y Yo T ToloTxr] agloAOYNoN TNS TORXYWY NG EXOVAS ATo 10
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Chapter 2

Introduction

2.1 Motivation

Image synthesis has emerged as the prodigy of Generative AT and Computer Vision, trans-
forming the Al landscape and reshaping industries from digital art and entertainment to medical
imaging and autonomous driving. However, image generation has predominantly relied on tex-
tual descriptions to guide the desired output. Even though text is obvious and straightforward,
it can be challenging to convey the intricate details of our physical world.

Audio, on the other hand, is naturally paired with images, providing a rich tapestry of
information that text might overlook or find cumbersome to articulate. When we hear a dog
barking, we see a dog. When we hear thunders, we expect to look at the imminence of a storm.
Sound can describe image attributes in a more effortlessly way, providing a depth of context and
ambiance that text descriptions may struggle to encapsulate fully.

Current audio-to-image models learn a joint representation of audio and text to leverage
powerful pre-trained text-conditioned image generation models, using large audio-visual pairs
of data. These models can accurately provide the image corresponding to the input audio
source, but their function comes down to simply associating basic sound sources to their visual
counterpart. Visual imagery from audio, however, is a manifold process that requires a different
approach.

To begin with, auditory perception is an essential, complex process that is not merely de-
signed for precise frequency encoding, but rather interprets complex acoustic motifs into distinct
auditory objects reflecting our experience of the acoustic environment. Whereas sensation can
be defined as the detection and processing of sensory information, perception is the act of in-
terpreting and organizing this sensory information to produce a meaningful experience [39].
Furthermore, audio information in the real world is rather a mosaic of individual sources in-
tertwined to complete an acoustic scene. Bregman, in his book Auditory Scene Analysis [8],
coined the term auditory scene to describe the number of sounds that a human can receive
simultaneously from the natural environment, investigating how we can make sense of complex
auditory inputs through a top-down approach involving reasoning and prior knowledge to resolve
ambiguities. It relates to the now well-known cocktail party problem, which describes our ability
to focus on a single conversation in a noisy environment.

Therefore, audio has to be received and analyzed. It differentiates itself from visual per-
ception, which instantly provides a great deal of information. In contrast to vision, it doesn’t
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2.2 Goals and Contributions

require a line of sight. This suggests that we are able to associate sounds to visual stimuli
not directly contributing to the audio stream. For example, if we listen to waves crashing and
seagulls we immediately imagine a port or if we hear cars driving by and pedestrians we think
of a city. Based on our experience, we are able to map sounds to concepts rather than isolated
objects. It is no coincidence that when we listen to bagpipes we think of Scotland. This trait
governs our everyday lives and it is often exploited by the marketing industry.

For our case, it also suggests that a reasoning component is crucial for the inference of visual
details that cannot be directly derived solely by the audio. While constructing a comprehensive
dataset covering the full spectrum of audio-visual associations could potentially render the per-
ception module unnecessary, the curation of such a dataset poses an exceptionally challenging,
if not insurmountable, task.

The emergent abilities, including basic reasoning, has been the impetus of Large Language
Models over the past few years. Through text, these models have the capacity to compress
the world knowledge into their weights, establishing themselves as the cognitive powerhouse of
modality-specific systems. Although the development of Audio-LLMs has demonstrated great
achievements in various audio-related tasks, there is much debate over their underlying audio
reasoning abilities. In [16], they find that ALLMs forget some of the text-based commonsense
knowledge available in the LLM. Moreover, a large number of ALLMs exhibit object hallucina-
tions [45], where they identify a sound that does not exist in the audio. Several other issues
include their limitation on deductive reasoning [20], their temporal reasoning [67] and most im-
portantly their ability to process multiple audio inputs [14]. It remains open, whether we can
utilize ALLMs to guide the image generation from complex universal sounds.

In brief, humans possess the internal competence to imagine and construct a mental image
based on the receiving audio through a complex process involving high-level perception and
reasoning. The question that still remains is, can machines also acquire this ability?

2.2 Goals and Contributions

Our goal is to assess the capability of ALLMs of handling complex universal audio inputs
and their ability to effectively understand the acoustic environment, describing a meaningful
vivid image of the scene. We further propose a pipeline that we hope can compensate the
aforementioned limitations of these models and conduct a series of experiments that aim to
justify or reject our hypotheses. Our contributions are:

o We investigate different prompting techniques on an Audio Large Language Model, with
the aim of improving the description appropriateness of the output

e We introduce a pipeline, leveraging a source separation module and a captioning module,
that improves the ability to imagine a visual scene based on the input audio

e We test an Audio Large Language Model and our proposed system on a source separation
dataset containing complex acoustic clips, introducing various evaluation metrics

e We experiment generating images from short movie clips
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Chapter 3

Theoretical Background

The following section lays the conceptual foundations, essential for the subsequent parts.
At the core of this research lies the field of Artificial Intelligence, a subdiscipline of computer
science dedicated to developing intelligent systems capable of emulating human intelligence such
as decision-making, comprehension, problem-solving, creativity, and autonomy. The term ” Ar-
tificial Intelligence” was formally introduced by John McCarthy in 1956 during the landmark
Dartmouth Workshop, a pivotal event that established Al as an academic discipline and cat-
alyzed decades of rapid advancement in the field.

3.1 Machine Learning

Machine learning (ML) is a subfield of artificial intelligence, concerned with the development
and study of statistical algorithms that can effectively generalize and thus perform tasks without
explicit instructions. The term ”learning” denotes the process of determining certain model
parameters from input data. Machine learning algorithms can be classified into three primary
categories based on the type of learning:

e Supervised Learning
e Unsupervised Learning

e Reinforcement Learning

3.1.1 Supervised Learning

In supervised learning, the algorithm is explicitly provided with the ”correct answers”. The
dataset used to train the model consists of input-output examples, where a feature vector z is
paired with a corresponding label ¥, representing the desired output. The objective is to learn a
mapping y = f(x) between the input data and the desired output by minimizing a loss function,
enabling the model to generalize well to unseen data. Once trained, the model can be utilized
to make predictions or classify data. From a statistical point of view, the algorithm aims to
approximate the underlying probability density function p(y|x). Some examples of supervised
learning are Naive Bayes, Support Vector Machines and Linear Regression.
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3.1.2 Unsupervised Learning

3.1.2 Unsupervised Learning

In unsupervised learning, there is no external supervisor, more precisely the data is not la-
beled. The model is trained to discover the underlying patterns that govern the data distribution,
thereby developing the capacity to formulate internal representations of the input information.
Key categories of unsupervised learning algorithms include clustering, which aims to partition
the data into distinct groups, and dimensionality reduction techniques that transform the initial
data points into a lower-dimensional space.

A branch of unsupervised learning is self-supervised learning, where the algorithm au-
tonomously constructs its own target variables from the input data.

Lastly, semi-supervised learning is a machine learning algorithm that works between the su-
pervised and unsupervised learning. The goal of semi-supervised learning is to classify unlabeled
data from labeled data

3.1.3 Reinforcement Learning

Reinforcement learning involves a continuous interaction with the environment, with the
goal of minimizing a performance metric. The algorithm produces actions and it discovers
errors, learning from this trial and error paradigm through rewards. Prominent examples of
reinforcement learning methodologies include Q-Learning and Deep Q-Networks (DQN).

3.2 Deep Learning

Despite the success that machine learning brought to many areas, traditional machine learn-
ing algorithms needed manual feature extraction to facilitate the learning process, which was
performed on the feature space. With the advent of deep learning, a subfield of machine learning,
the idea was to let the model learn the features by itself. The term ”deep learning” refers to the
multilayered structure of the learning process, where each successive layer extracts increasingly

abstract features, leading to improved performance in a variety of domains.

3.2.1 The neuron

The building block of neural networks is the neuron, which was first inspired by the neurons
found in the human brain. The primary function of a neuron is straightforward: it takes a set
of inputs &, multiplied by learnable weights w, adds a bias 6, and generates an output 6. This
process can be expressed mathematically as 6 = ¢(6427). The weights control the magnitude
of influence of each input and the activation function introduces nonlinearity.

Activation functions

The activation function is applied on the dot product of the input signal with the neuron’s

weights. Common activation functions are:

1. The sigmoid function, produces outputs between 0 and 1, hence it is useful for binary
classification. A main issue with sigmoid function is that it is not zero-centered.
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Figure 3.2.1: Perceptron Neuron [23]
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o(z)

2. The tanh function or hyperbolic tangent function, has the same shape with the sigmoid,
but the output ranges from -1 to 1

2
tanh(z) = et 1

Its zero-centered output facilitates easier learning for multiple layers.

3. The Rectified Linear Unit function (ReLU) activates the neuron only when the output is
positive

A(z) = max(0,x)

A variation of ReLLU is Leaky ReLLU, which has a small slope for negative values instead
of a flat slope. This activation function is widely used in applications where the gradients
are often sparse.

0.8 0.6

0.6 0.2

—0.94

0.6

(a) Sigmoid function (b) Tanh function

Figure 3.2.2: The tanh function extends the output range from -1 to 1
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3.2.2 Feedforward Neural Networks

A simple perceptron comprises a layer of multiple neurons and yields a linear output. This
architecture is advantageous when the input data exhibits linear independence. To address
more complex data distributions, stacking multiple neuron layers can construct a deep structure
known as a Multilayer Perceptron or feedforward neural network, a cornerstone of deep learning.
Excluding the input and output layers, each intermediate layer is referred to as a hidden layer.
Every neuron in a layer connects to all neurons in the preceding layer. These networks are
termed feedforward due to their forward information flow, from the input layer through the
hidden layers to the output layer. The objective of a feedforward network is to approximate
some target function f* [30], using the input data (curve fitting).

During training, the neural model learns the set of parameters 6 that significantly reduce a
cost function J (@), which is a function of the weights of the network. The goal of the optimization
is to find a minimum of the loss function using gradient descent.

Gradient Descent

The gradient of a function is a vector field, whose value at each point p indicates the direction
of the steepest ascent. Therefore, gradient descent is the process of calculating the gradient of the
cost function and updating the weights in the direction to which the function will be minimized,
according to the rule:

oJ(wT', b)

w(i+1)=w(i)—n 5

where b is the bias term and 7 is the learning rate. The learning rate determines how quickly
the algorithm converges to a minimum.

Backpropagation

A pivotal moment in the progression of deep learning was the introduction of the backprop-
agation algorithm, which allowed the model to learn. Backpropagation involves the iterative
adjustment of the network’s weight parameters in the appropriate direction.

3.2.3 Convolutional Networks

In the digital realm, (grayscale) images are represented as two-dimensional arrays (three-
dimensional for colored images) of numerical values, where each value corresponds to the inten-
sity or brightness of a specific pixel. This grid-like structure is a distinguishing feature of image
data, as it allows multiple pixels to collectively define distinct regions within the image, inde-
pendently of other areas. Traditional feedforward networks are not capable of handling this type
of data, as they are computationally intensive and unable to effectively preserve the inherent
structure of the image. Convolutional networks, commonly referred to as convolutional neural
networks or CNNs, are a specialized type of neural network designed for processing data with
a known grid-like structure. They are neural networks that take advantage of the convolution
operation and have three architectural properties which distinguishes them from other types of
networks: local receptive fields, shared weights and spatial or temporal subsampling [47].
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Convolution operation

Discrete two-dimensional convolution entails the use of two matrices, I representing the re-
ceptive field portion of the input image and K which is the set of learnable parameters otherwise
known as a kernel. The operation then is described by the following equation:

S(i,j) = (I« K)(i,5) =Y _ Y I(mn)K(i—m,j—n)

The forward propagation process involves the kernel traversing the height and width of the
image, generating a spatial representation of the receptive field. This process yields a two-
dimensional activation map that encodes the response of the kernel at each position within the
image.
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Figure 3.2.3: Convolution operation

The dimensions of the kernel defines the receptive field of the convolution layer and it is a
hyperparameter of the network. Every neuron has w x h X ¢ number of weights, where w x h is
the receptive field mentioned and c is the number of channels. The individual kernels, or filters,
extract meaningful visual features from the image, such as edges, curves, and shapes. As the
convolution layers are stacked, each successive layer extracts more complex, higher-level features
from the input.

Pooling layer

A typical CNN consists of convolutional layers for feature extraction, pooling layers and a
fully connected layer for classification.

The purpose of pooling layers is to systematically reduce the spatial dimensions of the rep-
resentation, thus decreasing the number of parameters and computational requirements in the
network, ultimately helping to mitigate overfitting.

Dilated Convolution
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Figure 3.2.4: Architecture of a CNN from [2]

Dilated convolution is just a convolution applied to input with defined gaps. An additional
parameter [ (dilation rate) indicates how much the kernel is widened. There are usually [ — 1
spaces inserted between kernel elements. The importance of the dilated convolution is that it
allows a larger receptive field with same computation and memory costs while also preserving
resolution.

Figure 3.2.5: Dilated Convolution

3.2.4 U-Net Architecture

The U-Net architecture [59] consists of an encoder, that downsamples and extracts useful
features from an input image through consecutive convolutional and max pooling layers and a
decoder that is used for upsampling. Through the decoder, the field of view of the convolutional
kernels is increased.

Although it was initially proposed for image segmentation, it quickly became an integral
part of a large number of models specified in computer vision and audio related tasks as we will
examine later.
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Figure 3.2.6: U-Net architecture
[59]

3.3 Transformers

Sequential data such as time series, sound, or text need a specialized network architecture
that can effectively capture long-range dependencies. Recurrent Neural Networks represent a
unique type of neural network that can maintain "memory” in the form of preceding states.
Each neuron in an RNN accepts an input, generates an output, and recycles its previous state
back into the network.

RNNs, however, face issues like exploding gradients and vanishing gradients, which were
partially addressed through the introduction of a novel architecture known as Long Short-Term
Memory (LSTM). LSTM uses three gates to control the flow of information that is needed to
predict the output in the network.

Although LSTMs introduced advancements, maintaining a larger memory and being able to
identify the most salient information are crucial for addressing longer-range dependencies. The
introduction of the transformer architecture in the now seminal paper ” Attention Is All You
Need” [75], has shaped the current state of Al

3.3.1 Architecture

The transformer’s architecture, shown in the figure below, is comprised of an encoder and
a decoder. Although it was originally intended for text-to-text gemeration, it can be used for
a plethora of applications. The encoder consists of 6 stacked layers each one composed of a
multi-head self-attention module and a position-wise feed-forward network, it maps an input
sequence to a sequence of continuous representations which is fed to the decoder. The decoder
is also made of the same 6 stacked layers, with an additional Masked Multi-Head Attention
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module at the start of each layer.
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Figure 3.3.1: Transformer Architecture
from [75]

In contrast to previous architectures, the transformer receives the entire input at once and not
in individual time steps. To encode the structure and the position of each piece of information
however, it uses a position-aware encoding. Another improvement of this architecture is the
addition of a novel operation called self-attention

3.3.2 Self-Attention

Initially, the input sequence is divided into individual elements called tokens. Each token
is associated with a vector (embedding) that encodes the meaning and its position in the text.
Starting with three learnable matrices, query(Q), key(K) and value(V), the embedding of each
token is multiplied with the query and key matrix to produce a query and key vector. Self-
attention is the process of paying attention to specific parts of the input and measuring a

similarity between each element. To accomplish this, an attention score between each key and
1
. dk . R . . . . .

the result is passed through a softmax function to produce a probability distribution. This is

query is computed, scaled with a factor where d is the dimension of the key matrix, and
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called attention weighting. A large dot product QK7 indicates high similarity and we say the
embedding of the token ”attends to” the embedding of another token. Using these weights we
multiply them with the value vectors to obtain a value result

T
vy

This process is what its called a single head of attention. In multi-head self-attention,

Attention(K,Q,V) = Softmax( 4

there are multiple stacked self-attention modules, each with its own learnable weights, providing
distinct representation subspaces and their outputs are concatenated.

3.4 Audio Source Separation

Source separation refers to the process of mixing multiple signals to form a combined signal,
aiming at recovering the constituent signals from the mixture. This problem is fundamental
in numerous audio signal processing tasks, as the analysis and processing of isolated sources
typically yield higher accuracy compared to processing mixtures of sounds. Although the main
focus of this field of study is speech enhancement, speech separation, and music instrument
separation, in recent years there has been significant progress in the broader domain of universal
sound separation, which will be discussed later.

3.4.1 Sound

A sound wave is the pattern of fluctuation in the air pressure over a specific distance or time,
it is the pattern of changes in air pressure [1].

high pressure

I
|

low pressure

Figure 3.4.1: A sound wave is made up of compression and rarefaction

These alternations in air pressure result in the sound we perceive. The most important
properties we use to describe sound are wavelength, amplitude, frequency and phase. The
wavelength refers to the distance between two consecutive states of high and low pressure. The
amplitude simply relates the number of air particles involved in the vibration and its directly
related to the perception of loudness. To measure amplitude we use logarithmic decibels (dB).
Since sound is a periodic movement it has also a frequency and a phase. The frequency describes
how many cycles are completed per second, it is measured in (Hz) and it affects the perception
of pitch. Natural sounds, blend frequencies with varying amplitudes, forming a spectrum.

3.4.2 Audio Representations

In its most unprocessed form, audio is stored as a waveform in the computer in a digitized
form. The process of converting analog signals into digital form is called analog-to-digital (AID)
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conversion [33]. The analog signal z,(t) is first sampled at regular time intervals multiples of
the sampling period T),, generating a continuous time signal x(n).

x(n) = xq(nTs)

Afterwards the quantizer maps the continuous amplitude into a discrete set of amplitudes and
the converted to a digital array in a computer.

The sample rate expresses the number of samples that are taken per second and is measured
in (Hz). For a signal with sample rate sr, the maximum frequency that can be reliably recon-
structed is fy = %, which is called the Nyquist frequency.
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Figure 3.4.2: Analog to digital conversion

Many deep learning algorithms reduce the sampling rate of the input signal to reduce the
computational load during training. A signal is monophonic (mono), if there is only one audio
channel, else it is stereophonic.

Time-frequency representations

A representation in the time-frequency domain is a 2-dimensional matrix representing the
frequency contents of the audio signal over time. Among numerous frequency representations,
the most important are Short-Time Fourier Transformer (STFT), Log Spectrogram and Mel
Spectrogram.

An STFT is the result of computing a discrete Fourier Transform (DFT) of a small moving
window across the duration of the audio. The fourier transform of a signal is defined as:

S(f) = f:: s(t)e 72t qt

The absolute value of a time-frequency bin | X (¢, f)| determines the amount of energy of the
frequency f at time ¢t. The STFT representation of a signal is called a spectrogram.
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Figure 3.4.3: Spectrogram of an audio signal

The shape of the short-time window determines which frequencies get emphasized in the DFT
and the window length defines the resolution of the frequency axis. A great number of machine
learning algorithms involve computing the spectrogram of an audio signal as a preprocessing
step to extract meaningful features.

In 1937, Stevens, Volkmann, and Newmann [68] proposed a unit of pitch such that equal
distances in pitch sounded equally distant to the listener. This is called the mel scale. Converting
the frequencies to the mel scale and computing the DFT results in a mel spectrogram. Human
hearing is also logarithmic in terms of amplitude. Thus, we can obtain a log spectrogram by
calculating the log of the absolute value of each element in the STFT.

3.4.3 Traditional Methods

Before the advent of deep learning, classical machine learning and digital signal processing
algorithms were utilized in source separation, where the existing approaches were predominately
used as a solution to the task of blind separation. In blind separation, as introduced by [34]
a set of sources, s1(t),...,sy(t) are mixed together linearly by a matrix A. The term blind is
coined by the fact that we do not know anything about the sources or the mixing process, all
we know are the N superpositions of them, z1(t),...,zn(t).

One way to categorize traditional approaches is by the number of sensors used to capture the
number of sources.

Over-determined

In a determined or over-determined situation where the number of sensors is greater or
equal to the number of sources, Independent Component Analysis (ICA) [5] is the method most
commonly used. Given mixed signals x = As where x = [7122...7,,)7 is an n-dimensional
observable random vector, s = [8182...8p]T is a random vector with p independent source signals
and A = [alag...ap]T is an n X p unknown invertible mixing matrix with linearly independent
columns, ICA aims to find an unmixing matrix W such that u = Wx ensuring that the inferred
components y maintain as much statistical independence as possible. The key assumption
for ICA to succeed, is the statistical independence of the source signals and that they are
non-Gaussian signals. Although ICA stands out as an attractive prospect for computational
auditory scene analysis, the necessary assumptions are not practical for auditory scene analysis
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where there are fewer sensors than sources.
Under-determined

For an under-determined situation where the number of sensors are fewer than the number of
sources, the traditional techniques involve spectral decomposition-based methods, model-based
methods and Computational Auditory Scene Analysis (CASA) systems. In spectral decomposi-
tion, the representation of an input’s mixture is dissected into fundamental elements, organized
into separate sets symbolizing the distinct sources. One of those methods is Independent Sub-
space Analysis (ISA) [10]. ISA aims to find a set of projection matrices, that project the mixed
signal onto independent subspaces.

The Non-Negative Matriz Factorization (NMF) is another decomposition strategy. First
introduced in [48], NMF decomposes a non-negative nm known matrix V into the product of
two non-negative matrices W weight matrix and H the matrix of basis vectors, such that:

V =WH

The algorithm iteratively updates W and H to minimize the error between V and WH,
converging to a local minimum representing a decomposition into meaningful, interpretable

components. After training, the source matrix can be calculated as:
Vi — Wi AT

Another successful approach is using CASA systems [77].CASA systems aim to mimic the model
of human auditory perception to segregate sound in complex environments, using computational
models of auditory grouping principles.

Finally, model-based strategies, including Hidden Markov Models, model the temporal dynamics
and statistical properties of individual audio sources, where each source is represented as a
sequence of hidden states, with observable features generated probabilistically based on the
current state.

3.4.4 Deep Learning Approaches

With the beginning of the 20th century, increased computational resources with the addition
of sophisticated algorithms drove progress in the field of deep learning. Respectively, deep
learning was catalytic on improving upon traditional approaches on various problems, including
audio source separation. Deep learning methods can be mainly categorized into operating in the
time-frequency domain and the time domain.

Time-Frequency domain

Masking is an essential part of many modern source separation approaches that operate
on the frequency representation of an audio signal. A mask, M; € [0.0,1.0]7%F, representing
the i*" source S;, is a matrix containing values and is element-wise multiplied with the mixture
spectrogram |Y'| to obtain a source estimation S; = M;® |Y'|. Each value of the mask determines
what proportion of energy of the original mixture that a source contributes. Therefore, the
objective is the estimation of a mask that approximates as close as possible the target source.
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Mask Spectrogram Source Estimate
0 0 1 1
1 1 0 1
0 1 0 1
0 0 1 0

Figure 3.4.4: Example of a binary mask operation from [52]

We can recover the original source ¢ from a mixture by inverting its mask. Depending on the
values of the matrix, the mask can be a binary mask, containing values 0.0 or 1.0. Common
masking applied for source separation is not binary but continuous. Soft masks are allowed to
take any value within the interval [0.0,1.0]. This means that the energy from a TF bin can
be split between source, allowing for flexibility. Masking techniques have a maximal constraint
defined by the Ideal Binary Mask (IBM).

A notable approach to source separation has been the use of Convolutional Neural Networks
(CNN) due to their ability to effectively learn hierarchical representations from time-frequency
representations like spectrograms. One of the earliest works, leveraging CNNs, was the influential
work of Chandna et al. [11], which explicitly used CNNs to estimate time-frequency soft masks
that can be applied for musical source separation. With the introduction of the U-Net for image
segmentation, researchers begin using the architecture in various tasks. In [37] they adapted the
U-Net architecture for the task of source separation, where they framed the source separation
task as a spectrogram-to-spectrogram translation task. The model learned to map a mixed
spectrogram to the spectrogram of the target source.

Time domain

A key benefit of operating in the waveform domain is the preservation of phase information,
which is frequently lost in the magnitude-only representations employed by other methods.
Phase is a fundamental aspect of an audio signal. Some methods assume the phase aligns with
the mixed signal’s phase, while others utilize methods such as the Griffin-Lim algorithm to
estimate the phase.

Several prominent works on the time domain have been established as a respectable approaches
to the source separation problem, one of them being WaveNet based methods. WaveNet [73] is
a deep neural autoregressive network based on Pixel CNN. A crucial adaptation, is the work of
Stoller et. al [69], which leverages an improved U-Net architecture for singing voice separation.

The encoder downsamples the waveform while capturing hierarchical features, and the de-
coder upsamples it to reconstruct the separated sources.
Another influential architecture worth mentioning is TasNet and it’s subsequent refinements.
TasNet [50] employs a strategy where the input waveform is converted into a latent representation
via an encoder, which is then processed by a separator network to isolate the source signals.
Later on, Conv-TasNet [51], replaced the fully connected layer with a Temporal Convolutional
Network (TCN) [46], achieving significant improvement and establishing itself as a new state-
of-the-art for speech separation.

In the realm of music source separation, a considerable work is Demucs [18], which incor-
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porates LSTMs within the bottleneck of the U-Net, enabling the model to capture long-range
temporal dependencies in the music signal.

3.4.5 Evaluation Metrics for Source Separation

As with all scientific endeavors, sound source separation relies on the systematic experimen-
tation to verify the integrity of the results. Thus, given the complexity of the task, there is a need
for quality evaluation metrics that are able to assess the outcomes. An estimate of a source §;
assumed to be composed of four separate components, 3; = Siarget + Sinter f +€noise +€artif, Where
Starget 15 the true source and ejpter £, €noise and e€qpyi¢ are error terms regarding the interference,
noise and added artifacts. The following are the main evaluation metrics:

Source-to-Distortion Ratio (SDR). SDR measures the overall quality of the separated
signal by comparing the desired signal to the unwanted components and it is defined as:

| |5target| |2

SDR = 10[0910
( | ’einterf + enoise + eartif‘ ’2

Source-to-Artifact Ratio (SAR). It is the amount of unwanted artifacts a source estimate
has with relation to the true source:

||5target + Einterf + 6noise| |2

SAR = 10l0g10(

)

llearsif|?

Source-to-Interference Ratio (SIR). Measures the ”leakage” of the estimation, meaning
how much of other sources can be heard in the estimate.

SIR = 101 Hslta?"getH2
B=10egoly I
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Source-to-Noise Ratio (SNR).

||5target‘ |2

SNR = 10l0g10( )

Hstm”get - §H2

Scale-Invariant Source-to-Distortion Ratio (SI-SDR). The SI-SDR measure removes

the SDR’s dependency on the amplitude scaling of the signal.

3.5 Diffusion Models

3.5.1 Generative Models

Deep learning drove progress and research in image classification, speech recognition, natural
language processing and other tasks. Neural networks in this era were typically trained as
discriminative models, due to the adversity of generative modeling. The groundbreaking work
of Diederik P Kingma and lan J. Goodfellow, led the way to a new era for generative modeling,
producing the first practical deep neural networks capable of learning generative, rather than
discriminative, models of complex data such as images.

The purpose of deep generative modeling is the development of statistical models that not
only recognize patterns in data, but also have the capacity to learn the underlying data distri-
bution and generate novel samples based on the learned distribution. Generative modeling can
take two forms:

Generated Samples

Samples © wmmeeo ¢ © © © 0 0000008000 © © O CEmO O © ©00 000000000 © O
(a) Density Estimation (b) Sample Generation

Figure 3.5.1: Generative modeling can estimate the underlying distribution and generate new
samples

Autoencoders

Autoencoders are a class of generative models consisting of an encoder and a decoder. The
encoder compresses the input data into a low-dimensional latent space called ”bottleneck”.
This captures the salient features of the data while simultaneously reducing the computational
cost. Afterwards, the decoder learns to reconstruct the latent representation minimizing the
reconstruction loss between the output and the ground truth.

L(w,3) = ||z — 2]
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3.5.2 Diffusion Process

To alleviate the deterministic nature of vanilla autoencoders, variational autoencoders [44] intro-
duce an element of randomness. This ensures that the sampling of novel samples resemble the
initial distribution, without being a mere copy. For every latent variable we define an average
value p and a standard deviation ¢ which determine a probability distribution, typically Gaus-
sian, over this variable. This design choice encourages the encoder to place the latent variables
around a central point, rendering the memorization of extreme deviations challenging. The loss
function employed during training combines the reconstruction loss and a regularization term.

The regularization term provides:
e Continuity: Points closer in latent space correspond to similar decoded content.

e Completeness: Sampling on the latent space should provide meaningful results.

Generative Adversarial Networks

When the modeling of the data distribution is intractable, Generative Adversarial Networks
(GANSs) [31] provide a solution by taking samples from the easiest distribution possible, random
noise. A generator network is trained to translate random noise samples into meaningful samples
from an input distribution and a discriminator network is trained to discriminate between real
samples and generated samples. Together, the two networks operate in an adversarial manner,
competing against each other. During training, the generator learns to produce faithful samples
that will effectively deceive the discriminator and the discriminator develops the ability to better
distinguish real from fake samples.

Their generative strength in image synthesis, creating photo-realistic images, placed GANs
in the forefront of image generation for years to come. Despite their performance however, VAEs
and GANs have some limitations such as mode collapse and difficulty in training.

Training set V Discriminator

ANN
- .I @ — {Fake

Fake image

Generator

Figure 3.5.2: GAN Pipeline from [62]

3.5.2 Diffusion Process

Diffusion models have emerged as the new state-of-the art family of generative models,
gaining much popularity in recent years with the development of models specified in image
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generation. They managed to outperform other generative models that were at the spotlight in
many areas. It all began in 2015, when Sohl-Dickstein et al. [63], inspired by non-equilibrium
thermodynamics, pioneered the diffusion process for novel samples generation. Diffusion models
have three predominant formulations: denoising diffusion probabilistic models (DDPMs), score-
based generative models (SGMs) and stochastic differential equations (Score SDEs)

Denoising Diffusion Probabilistic Models (DDPMs)

The main idea of this method is the progressive perturbation of the data distribution through
an iterative process and the learning to reverse this process, recovering the original distribution.
This results in a generative model capable of creating new samples, similar to those of the
training data. Their framework consisted of two processes that are modeled by two Markov

chains.

Forward Process The initial phase is characterized by a procedure called the forward process.
Starting from a data distribution q(x(o)), noise is systematically introduced in incremental steps
according to a predetermined schedule until any structure is completely eradicated.

a(x 1) = g(x ) [Ty gD xY)

Reverse Process The reverse process involves reversing the forward process by learning tran-

sition kernels parameterized by a neural network.

p(x(D) = (x(7)
P ) = p) T p(xOx)

During learning, the mean and the covariance of the Gaussian diffusion kernel are needed to be

estimated, therefore the computational cost of this algorithm solely depends on the cost of the
functions defining them, times the number of time-steps.

Pe(Xt71|Xt)
@ —@
X -

Figure 3.5.3: Forward and Reverse processes from [35]

Score-based Generative Models

Later on, in 2019 [65], introduced a new generative model that depends on the concept of
Stein score of the logarithmic density of data, namely the gradient of the log likelihood of the
given distribution, V,logp(x), which is essentially a vector field pointing on the direction where
the log data density grows the most. Their main idea was to perturb the data with increasing
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various levels of Gaussian noise and with the aid of a neural network, which they define as
Noise Conditional Score Network (NCSN), to estimate the scores for all noise distributions. For
generating new samples, they proposed the use of Langevin dynamics starting at the noisiest
score annealing down the noise level.

Noise Conditional Network (NCSN) is a deep neural net s : R”? — R parameterized with
¢ and is trained to have the ability of estimating the score of the data distribution pgesq(x)-
Hence, the purpose of score-based generative modeling is to learn a model that can generate
new samples from the underlying data distribution.

Stochastic Differential Equations (Score SDEs)

This approach [66], generalized the previous concepts in the case of infinite time steps or noise
levels, where diffusion and denoising processes are solutions to Stochastic Differential Equations
(SDEs). Instead of a finite number of noise distributions, they considered a continuum of distri-
butions evolving in time based on a stochastic differential equation. This process progressively
diffuses data with noise and is derived by a stochastic differential equation

dx = f(x,t)dt + g(t)dw

that does not depend on data and does not have trainable parameters. Respectively, for sample
generation, a reverse process that satisfies a reverse-time SDE

de = [f(x7 t) - g(t)valo.qpt(x)]dt + g(t)dw7

can be estimated by training a neural network to estimate scores. New samples are then
obtained by using SDE solvers.

3.5.3 Improvements

In the following years, a plethora of significant research papers further refined diffusion
models with several improvements. The most important among them is the simplification of
the variational bound presented in [35], the acceleration of the sampling procedure with the
Denoising Diffusion Implicit Model [64] and the introduction of the cosine schedule that aids in
a more gradual destruction of data [54].

Figure 3.5.4: Linear(top) and Cosine schedule(bottom). With the Cosine Schedule data is per-
turbed more gradually [54]

Advancements regarding the guidance of sample generation will be discussed in the forthcoming
chapter.
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Chapter 4

Related Work

This section provides details about the specifications of the models related to this work.

4.1 Language Models

A language model is a computational model, capable of capturing the structure, patterns
and statistical properties of human text, allowing it to predict or generate novel text samples.
Specifically, a language model is trained on a large amount of text, to conduct a probability
distribution over predefined words called the vocabulary. Although language models are able
to perform all sorts of tasks, it’s basic function comes down to estimating the probability of a
token or sequence of tokens occurring within a longer sequence of tokens.

P(wy,wa, ...w,) = P(wy) - P(ws|wy) - P(ws|wy, ws)...P(wy|w, wa, ..., wy—1)

A token is defined as a word or a chunk of a word. This partition is a preprocessing step to
numerous natural language processing (NLP) tasks.

4.1.1 Large Language Models

Predicting the next sentence is quite challenging even for a human. But how about predicting
something that seems much easier, like the next word someone is going to say? What word, for
example, is likely to follow [40]

The water of Walden Pond is so beautifully ...,

the next word might be green or calm, but the probability of the word refrigerator appearing
in the end of this sentence is very low.

In the 1950s, the dream of effortless communication across languages fueled the birth of
NLP. The primary driving force was machine translation and the initial approach centered
around rule-based systems. However, rule-based systems struggled with the nuances of the
human language with all its idioms and variations. Around the time machine learning was
getting much progress, there was a shift to a more statistical approach. The N-Gram model,
a statistical model, assumes that the probability of a word depends only on a limited history
(the Markov assumption). Thus, the model is able to estimate conditional probabilities from
observed frequency counts in a text corpus. A paradigm shift was introduced in 2003, when
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the n-gram model was outperformed by a Multilayer Perceptron (MLP) [6], paving the way into
a neural network era. Several advancements were made in language modeling using Recurrent
Neural Networks (RNN) and LSTMs and particular in the representation of words with the
proposal of Word2Vec in 2013 [53]. The model utilizes either the continuous bag-of-words
(CBOW) or the skip-gram architecture to predict contextual information, thereby representing
words in a continuous vector space where semantic and syntactic similarities are captured as
geometric proximity. This innovative approach transformed natural language processing by
enabling efficient and scalable learning of word embeddings, which have since become essential
components in a wide range of NLP applications.

A A
Man Italy
King R e T Rome
o N
N "~ Woman
. b Greecd
< Queen — @--__ ] Athens
I
(a) Gender Representation (b) Capital Representation

Figure 4.1.1: The word embeddings capture meaningful relations between words. As an example,
a specific direction might encode the gender information or the capital of a country.

The establishment of the transformer architecture as a staple, transformed the landscape of
language modeling. Their parallelization allowed the analysis of a larger input and their long-
range receptive field facilitated more contextual and human-like generation. In recent years,
Large Language Models (LLMs) have emerged as a state-of-the-art in the field of natural language
processing (NLP). These models, built upon the transformer architecture and trained on a vast
corpora of text data, are capable of capturing intricate statistical and semantic relationships
within language.

Categories

Broadly, LLMs can be grouped into three distinct categories:

Auto-regressive models like the Generative Pre-Trained Transformers GPT-series, where the
model is trained in a next-token prediction fashion. These models utilize only the decoder of
the transformer architecture and through training they learn to efficiently compress the textual
knowledge of the world into the model’s weights.

Auto-encoding like Bert, where the model is trained using masked language modeling

Sequence-to-sequence models like T5, are designed for tasks where the input and output are
sequences, such as translation, summarization, and text generation.
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Key Characteristics

The current success of LLMSs is perhaps predominantly attributed to scaling. As the number
of model parameters increase, the performance of these models improve and such has been
the case with LLMs. In the past few years, sophisticated algorithms coupled with increased
computational resources, enabled the models to be trained from billions to trillion of tokens
encompassing nearly the entire World Wide Web. This brings us to the motif of large language
models and the reason why they have been the main focus of the research community.

One of the most remarkable aspects of current LLMs is their ability to exhibit behaviors that
they were not explicitly trained to have. These emergent abilities include performing novel tasks
with little to no additional training (in-context learning), showcasing a form of adaptability that
has significant implications.

The ability that this research has been relied upon is the emergence of reasoning in current
LLMs. As these models have scaled in size, they have demonstrated a capacity for performing
tasks that require logical inference, multi-step problem solving, and even rudimentary forms of
reasoning through in-context learning.

4.1.2 Prompting

Artificial Intelligence has seen great progress from its initial notion. From explicitly pro-
gramming a system with strict rules, to gathering the necessary training data and currently,
harnessing the knowledge distilled into a pre-trained model for novel tasks. Prompt engineering
requires composing natural language instructions called prompts to elicit knowledge from LLMs
in a structured way [76]. We define as a prompt, the input text query into the LLM.

At its core, prompt engineering is based on the premise that the performance of an LLM on
a given task can be substantially influenced by the manner in which the input is presented. In
this work we examine some of the prompt engineering techniques:

Zero-Shot
The zero-shot prompt directly instructs the model to perform a task without any additional ex-
amples to steer it. It is the most basic form of guiding the text generation with a straightforward
instruction.

Few-Shot
Few-Shot prompting [9] refers to the process of providing one (one-shot) or more (few-shot)
examples inside the prompt, steering the model into the proper direction.

As we can see in the below figure, as the model size increases, it benefits from the inclusion
of examples in the prompt. Thus, instead of finetuning a separate language model checkpoint
for each new task, one can simply “prompt” the model with a few input—output exemplars
demonstrating the task.

For example, for translation, we could provide the model with few translation examples to
the desired language.

Chain-of-Thought A chain of thought is a series of intermediate natural language reasoning
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Figure 4.1.2: Larger models make increasingly efficient use of in-context information [9]

steps that lead to the final output, this approach is referred to as Chain-of-Thought prompting
[79]. This method guides the model to explain its response in a step-by-step manner. There are
evidence that chain-of-thought prompting elicits reasoning abilities in large language models,
forcing the model to decompose a complex problem into intermediate steps.

Standard Prompting Chain-of-Thought Prompting

Model Input

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

| Model Input \
Q: Roger has 5 tennis balls. He buys 2 more cans of

tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11. A Roger started with 5 balls. 2 cans of 3 tennis balls
each is 6 tennis balls. 5 + 6 = 11. The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 8 more, how many apples

do they have?

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples

Cc they have?

Model Output

A: The cafeteria had 23 apples originally. They used
20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3 +6=9. The
answer is 9. o Y,

_J

Model Output

A: The answer is 27. x ]

Figure 4.1.3: Standard (zero-shot) prompting and Chain-of-Thought prompting [79]

Role Prompting Another interesting prompting technique is the assignment of a particular
role to the model. This encourages the Al to approach a question by assuming the specified role,
leading to a more focused, creative, or empathetic response depending on the given role. For
example, if we expect a helpful, patient and friendly tone we might assign the role of a helpful
assistant.
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4.2 Guided Image Generation

Guided image generation refers to a class of generative modeling techniques in which auxiliary
information is used to steer the output of an image synthesis model. The progress of GANs and
the development of Diffusion models later on, promoted rapid advancements in the domain
of image generation and computer vision in general. Over time, the field of image synthesis
has evolved from producing simple facial renderings to creating visual masterpieces inspired by
renowed artists, establishing itself as a valuable tool in many areas such as the entertainment
industry, architecture, gaming development and arts. This progress would not have been feasible
without several improvements on the diffusion model architecture and the introduction of textual
guidance.

4.2.1 Text-to-Image

The training of a diffusion network that operated on the pixel space demanded many time
steps, inducing slow inference and escalating computational cost. The authors of Stable Diffusion
[58] provided a solution by introducing a new class of diffusion models called Latent Diffusion
Models. These models employ an autoencoder to encode the information into a low-dimensional
latent space. In the latent space, images are encoded with fewer dimensions, reducing signifi-
cantly the computational cost and accelerating the image generation process.

Latent Space Conditioning
E I —— Diffusion Process ———> emanti
Ma

2z Denoising U-Net €g 2r Text

Repres
entations

@
—

The introduction of text-guided diffusion models completely revolutionized the field by en-
abling the synthesis of images that are closely aligned with detailed natural language prompts.
To guide the image generation through text prompts, the textual input first is encoded into

(3«

Pixel Space
pd

denoising step crossattention  switch  skip connection concat

Figure 4.2.1: Stable Diffusion Architecture [58]

a meaningful representation that aligns with the representation of a similar image. This is
achieved with a CLIP (Contrastive Language Image Pretraining) model [56], which is trained
using contrastive learning to encode similar text-image pairs closer into the latent space.

These embeddings are then incorporated into the diffusion model through cross-attention
layers of the U-Net. A cross-attention layer is different than the self-attention, in a sense that
the query refers to a different modality than the key-value vectors. Therefore, the cross-attention
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"Ayellow flower
with a blue sky in
the background”

Figure 4.2.2: Image-Text Embeddings Alignment Illustration

layers can influence the image features that are most closely aligned to the text features of the
input prompt.

4.2.2 Audio-to-Image

While text-guided image generation is straightforward, textual descriptions are not naturally
paired with the image. On the other hand, audio and visual information are naturally paired and
sound can capture more subtle nuances that are difficult to be effectively expressed through text.
These details can be the intensity of a thunder, the soothing tranquility of a summer morning
breeze or the intricate and complex soundscape of a bustling metropolitan street. Several works
have tried to incorporate audio to guide the image synthesis process, which rely on the learning
of a joint representation.

Sound2Scene

In this work, they learn to align audio to visual latent space [70]. In contrast to previous
works that were limited to a small dataset where images and sounds were closely related, they use
VGGSound [12]. They first train a GAN to generate images from the visual embeddings of the
image encoder and then train an audio encoder to translate an input sound to its corresponding
visual feature by aligning the audio to the visual space. After training, the audio embedding
can be directly used to guide the image generation, as it is related to a corresponding visual
embedding.

Specifically, using the audio-visual data pairs D = {V},A,;}Z»]\;l, where V; is a video frame
selected from the dataset clip and A; is audio, the objective is to learn the audio encoder
to extract informative audio features z* = f4(A) that are aligned well with anchored visual
features zV = fi/(V). These representations are aligned minimizing the InfoNCE loss [74]. This
work is also possibly the only one that experiments with combining multiple audio waveforms,
something that leads to a more complex audio.

AudioToken
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Figure 4.2.3: Generated images by mixing two different audios in the waveform space [70]

AudioToken [81] is a model that leverages the high-quality image generation capabilities of
Stable Diffusion together with an audio representation model, BEATSs [13]. The system consists
of a text tokenizer that encodes the initial prompt ” A photo of a’ and an audio embedder which
produces an audio embedding eqqqi0

” A photo of a” — egeyt € R4Xd“,

where d, is the embedding dimension of the text input. The concatenation [eiert, €qudio] 1S
then used as input to the text-conditioned Stable Diffusion, as if it was a simple prompt. The
overall architecture of the model is shown below.

e('a’)

e('photo’)
"A photo of a" Text-Tokenizer
('of")

e(a’)

Text-Encoder

Generative
Model

Eaudio

,T

Atten-Pooling

Embedder

Pre-trained
Audio-Encoder

R

Figure 4.2.4: AudioToken Architecture [81]

This work paved the way for similar publications which leveraged a pre-trained text guided
image generation model and focused on aligning the audio to the textual space.

SonicDiffusion

SonicDiffusion [7], except from audio-text alignment, they incorporate cross-attention layers
through which the audio tokens are infused and guide the image generation. Thus, this process
enhances the semantic and visual alignment between the synthesized images and the input audio.
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Limitations

The aforementioned models, although they achieved impressive results in the audio guided
image generation, they come with certain limitations.

e Their generative strength is constrained on simple sounds that come from distinctive
sources

e They lack the reasoning required to infer details of complex audio inputs that are essential
for a detailed image

4.3 Audio Language Models

The emergence of LLMs as a powerful tool in language processing tasks raised an important
question concerning other modalities. Consequently, a surge of works contributed to extending
the capabilities of language models beyond the confines of text into the realm of vision, acoustics,
video, and other modalities. Before delving into the intricacies of their internal mechanics, it is
crucial to revisit and evaluate the role of audition within the broader field of artificial intelligence
concerning around which main tasks the research community revolves.

4.3.1 Computer Audition

Computer audition (CA) or machine listening is the general field of study of algorithms and
systems for audio interpretation by machines [78]. Since audio signals are interpreted by the
human ear—brain system, that complex perceptual mechanism should be simulated somehow in
software for "machine listening”. We use the term ”audio” in the broader sense, encompassing
all natural sounds such as speech, music, and environmental sounds. Although the focus of most
research works is on speech or music related tasks, we are interested in universal audio. The
most important universal audio related tasks are:

Acoustic Scene Classification and Sound Event Classification

This tasks refers to the classification of an input audio into a predefined set of labels, treating
the audio as a whole (acoustic scene) or classifying a single source present in the audio.

Sound Event Detection (SEC)

Sound Event Detection is the task of detecting individual sound events in the input audio and
their temporal activity.

Automated Audio Captioning (AAC)

The automated audio captioning problem can be defined as the task of automatically generating
a textual description (i.e. caption) for an audio signal, where the caption closely approximates a
human-generated one for the same audio signal. This differs from sound event detection (SED),
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because the audio captioning method does not predict sound events and their start and end
times [21].

Audio Question Answering (AQA)

This task can include either the generation of a complete sentence from an audio or a sequence
of audio-question answers from subsequent audio clips and corresponding questions.

4.3.2 Audio Large Language Models (ALLMs)

Until recently, the main template for addressing the aforementioned audio tasks was the
construction of a task-specific neural network architecture. However, as the scale of models and
datasets continues to expand, traditional Multi-Modal MM models incur substantial computa-
tional costs, particularly when trained from scratch [82].

Considering these models operate at the intersection of multiple modalities and text, it was
only logical to capitalize on readily available text-conditioned foundation models, Large Lan-
guage Models (LLMs). This junction between modalities and the linguistic knowledge capacity
of LLMs led to the emergence of a novel field, Multi-Modal Large Language Models (MM-LLMs),
specifically for the audio modality they are known as Audio Large Language Models (ALLMs).
These models harness LLM’s advantageous properties such as language generation, emergent
reasoning abilities, and In-Context Learning (ICL), integrating an LLM as the cognitive power-
house to empower various multimodal tasks.

ALLMs are trained on millions of audio-text pairs using either Contrastive Learning or
Next-Token Prediction.

Contrastive ALMs

These models utilize an audio and a text encoder in a tower-like structure to learn a joint audio-
text multimodal latent space. They are trained using contrastive learning and after training,
they can be used for zero-shot inferences such as classification and retrieval. An example of such
model is the Contrastive Language-Audio Pretraining CLAP [24].

Next-Token Prediction

These models frame all audio tasks as audio question-answering tasks and generate free-form
text. Specifically, given a pair of data (a,x), where a denotes the audio sequence and x the
text sequence (input prompt), the training objective is to maximize the next-token probability,
denoted as

Poy(xt|x<t, Encodery(a)),

conditioning on audio representations and previous text sequences x¢, where 6 and ¢ denote
the trainable parameters of the LLM and audio encoder respectively [15].

The general architecture of ALLMs as illustrated in the figure 4.3.1, consists of five funda-
mental components:
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Figure 4.3.1: The general model architecture of MM-LLMs [82]
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Depending on the model’s purpose it may include or not a modality generator for an end-
to-end intermodality generation. Althought over the years there have been many variations,
most of the models follow the same architectural blueprint, improving upon prior works over
the modality representation, the latent alignment and the LLM fine-tuning.

The Input Projector module is tasked with aligning the encoded features of the input modal-
ity with the text feature space T of the LLM. The aligned features are then fed as prompts
P, into the LLM alongside with the textual features. The majority of models incorporate a
simple linear projection (MLP) to project the audio embeddings into the input space of the
language model, but other choices may include cross-attention layers, Q-Former, P-Former and
MQ-Former.

Afterwards, the LLM backbone processes the input embeddings engaging in semantic under-
standing and decision making regarding the inputs. It produces either simple text, if the model
is modality-to-text, or modality-specific signal tokens S, for any-to-any generation. The aligned
representations of other modalities can be considered as soft prompts for the language model.
Soft prompts are learnable tensors concatenated with the input embeddings.

One of the main reasons MM-LLMs utilize a foundational model such as LLMs, is that they
have been pre-trained on massive amount of data and have the inherent ability to adapt to
modality specific tasks without further training. Because training even a fraction of the model’s
weights, can lead to major implications both on computational cost and issues such as catas-
trophic forgetting, where the model ”forgets” some of the knowledge gained during the training
process. Therefore, a number of works have included the LLM without further retraining.

But to make the most out of the language model’s capacity and even extend its abilities,
several have adopted a Parameter-Efficient Fine-Tuning (PEFT) strategy. PEFT methods
train only a portion of the model’s weights, or attach new layer of weights (adapters) and

82



Chapter 4. Related Work

only train those weights. By training a small set of parameters, PEFT preserves most of the
large pretrained model’s structure and saves time and computational resources. The most used
approach is Low-Rank Adaptation (LoRA) [36], but others include Prefix-Tuning and Layer

Norm tuning.

One of the first models encompassing transfer learning to approach all audio tasks as text
generation tasks was Pengi [19]. The resulted system is able to take an audio clip and text as
input and generate free-form text. A great leap forward was achieved by LTU model [29], which
focuses on improving the ability to perceive and comprehend audio signals in a deeper level than
previous efforts. It was a significant achievement on the field of audio perception and it stood
as a pillar for the emergence of audio reasoning. It utilized AST [28] as the audio encoder and
an open-source LLaMA [72] with LoRA adapters. Qwen-Audio [15], is one of the largest and
most potent audio large language models. It scales the audio-language tasks to over 30 tasks,
enabling universal audio understanding abilities. It employs Whisper-large-v2 [57], which is a
32-layer Transformer model, as the audio encoder and Qwen-7B [3] as the LLM-backbone. They
also propose a multi-task training framework, used to perform co-training on a wide range of
tasks, eliminating the need for laborious model switching when dealing with different tasks.
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Figure 4.3.2: Qwen-Audio Architecture [15]

Although the emergent Audio-LLMs have demonstrated great potential in various audio-
related tasks, as we discussed in the introduction, there is much debate concerning their under-
lying audio reasoning abilities that retrogrades audio understanding.
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4.4 Universal Sound Separation

Universal sound separation consists on building source-agnostic models that are not con-
strained to a specific domain and targets at separating an unknown number of sources given
an arbitrary mix. Unlike other forms of source separation where the dataset is constrained
on a specific task such as speech separation or musical instrument separation, universal sound
encompasses a wide range of sound sources.

Only recently was universal sound separation shown to be feasible. The stagnation of the
progress on this particular field can be attributed on two major impediments:

e The available datasets were scarce and limited on the variety of sounds

e Universal sound separation is an overall challenging task

Even the process of separating audio streams by humans is an ongoing research field, so one
can imagine how challenging it can be to replicate this ability in machines. One great question
that arises is what constitutes an individual sound source, and this can sometimes be ambiguous
depending on the task. For example, if the audio contains people taking in a restaurant, the
available sources can be the speech of the people, the sound of cutlery and crowd noise, but if
there is background music it may be unnecessary to separate each single instrument.

One of the first to tackle the task of universal sound separation was the work of Kavalerov et
al. [41], curating a new constrained dataset and using it to investigate the space of mask-based
separation architectures. They experiment with different network architectures and analysis-
synthesis bases, and their findings suggest that for universal sound separation, the STF'T repre-
sentation is the appropriate option and the optimal window sizes are shorter in general compared
to speech /non-speech separation. One of the architectures they experiment with is an improved
version of ConvTasNet’s (TDCN) [51] masking network, which they refer to as TDCN++. This
architecture is the one used also to serve as the baseline separation model on the Free Universal
Sound Separation (FUSS) dataset [80], and the one we used in this work as well.

The ConvTasNet model, as we describe in previous chapter, functions in the time-domain,
directly processing raw waveforms, using a deep convolutional encoder-decoder framework. It
features three stages, encoder, separation and decoder. The encoder first converts the input
waveform into a learned feature representation, this representation is then used to estimate the
masks for each source through a Temporal Convolutional Network and the source waveforms are
reconstructed with the decoder module.

The improved version of this architecture (TDCN++) incorporates feature-wise layer nor-
malization over frames instead of global normalization, longer-range skip-residual connections,
and a learnable scaling parameter after each dense layer initialized to an exponentially decaying
scalar equal to 0.9° , where ¢ is the layer or block index.

The FUSS baseline model, is able to separate mixtures with a variable number of sources.
Initially, the input audio is transformed into a spectrogram with 32ms window and 8ms hop,
and the magnitude of this representation is fed to the TDCN++ network, that M masks.
These masks are multiplied with complex spectrogram input, and initial separated sources s are
produced by applying an inverse STF'T. Finally, a mixture consistency layer is applied to these
initial separated source waveforms:
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Sm = Sm + M(m — > s Sm?)

,which projects the separated sources such that they sum up to the original input mixture
x. Since the FUSS mixtures contain up to 4 sources (as we will see later), they choose M = 4.
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Figure 4.4.1: ConvTasNet Pipeline [51]

The loss function they employ for variable source separation is:

~

'C(Sv é) = Wrneni_[[zgfj::l ‘CSNR(Smaa Sﬂ'(ma)) + Z%():Ma—i-l ﬁo(af, §7r(mo))]a

assuming the training mixture x consists of M, reference sources which can be less than the
output sources M, where the active per-source loss is Lsnr(y,9) = 10logio(||ly — 9|1* + 7/|yl|?)
and the loss for inactive separated source is Lsnr(z,9) = 10logio(||§][* + 7||z||*). The SNR
loss, as used in ConvTasNet, measures the quality of the separated signals. Thus, to compensate
the ignorance of the source order during training, they utilize the permutation invariant training
technique that finds the best possible matching between the estimated sources and ground-truth
sources to minimize the loss.
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Figure 4.4.2: Variable source separation for a separation model with M = 4 outputs and input
mixture with Ma = 2 active references from [80]
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Chapter 5

Proposal

The process of image generation based solely from acoustic information is merely explored
and the end-to-end models as we previously examined, do not have the capacity to undergo a
reasoning step that we believe is necessary when facing a complex audio scene. Visualizing an
image based on audio, comes down to three basic stages, as seen in the figure below.

Audio Perception Reasoning Image Visualization

a0 R

Figure 5.0.1: Process of Acoustic Imagery. Input audio (left) and generated image (right).

First, the audio is perceived and analyzed to infer the sources that are present. Then,
through a reasoning process, the individual sounds as well as the relationships between them
are mapped to visual concepts, describing a vivid and detailed picture that is then visualized.
The visual details present in the image description are not part of the audio information, but
are logically deduced from our inherent knowledge of the world. For example, if we hear a cow
moo, it is rational to assume the audio takes place close to a farm, even though such information
is not present in the audio (the physical entity of a farm does not make sounds).

In the landscape of audio-language models, there has been a significant progress in audio
understanding and reasoning. However, current models have a number of limitations concerning
the ability to handle complex acoustic scenes with multiple and possibly overlapping sounds,
and their capacity to fully utilize the linguistic reasoning abilities of their LLM component to
infer visual details from the input audio.

To this end, we aim to first investigate the ability of ALLMs to generate a meaningful and vi-
sually compelling image description based on the input audio. Then, we propose a novel pipeline,
with the aim of enhancing the image description and, consequently, the image generation based
on audio. In order to properly compare the two methods, we seek to find an optimal version of
ALLM, comparing different prompting techniques that could possibly yield better results.

The proposed pipeline is illustrated below.
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Figure 5.0.2: Proposed Pipeline

Initially, the input audio mixture is passed through an audio separation component to sep-
arate the individual sources that are present. This step, facilitates the understanding of the
audio by the subsequent audio-language model, simplifying the process of the recognition and
description of the audio via text. Finally, the respective captions for each of the audio sources
are used as input to a Large Language Model, that will merge them into a coherent and visually
rich image description, which can then be used as input prompt to an image generation model.

DIFFUSION o
(T rrrj—
MODEL
IMAGE
DEscrRIPTION

Figure 5.0.3: Image Generation Pipeline

Our hypothesis, is that by separating the individual sound sources, it will be easier for
the language model to understand and perceive the content of more composite acoustic scenes,
leading to a better overall result. Then, to utilize the linguistic reasoning abilities of the LLM
to it’s fullest, we separately include an LLM component that will analyze the text input. We
hypothesize that providing a textual input to the language model, rather than an audio input,
may allow the model to better focus on the nuanced instruction of visual description.

To support our hypotheses, we conducted experiments that compare the results obtained by
using only the Audio Large Language Model, and using our proposed method. For the ALLM,
we chose the Qwen-Audio-Chat model [15], that achieves considerable results in the MMAU
benchmark [60].

The experiments are three fold:

e First, we experiment with different prompting techniques for the ALLM, with the goal of
selecting the optimal candidate for comparison.
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Chapter 5. Proposal

e Second, we generate text descriptions with the two methods from a dataset of complex
audio samples, comparing the quality of the image descriptions.

e Third, we generate images, comparing the two methodologies with ground truth frames.

We probed various options for each individual component of the pipeline, and given the
intricacy of the task, we introduced various evaluation metrics, with the purpose of adequately
capturing the characteristic elements that comprise a proper image description.
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Chapter 6

Experiments

This chapter exhibits the experimental process and the respective results are demonstrated. The
experiments are divided into three segments:

A Initially, we investigate different prompting techniques for the Qwen-Audio, with the pur-
pose of finding the optimal option.

B Next, we compare the selected option of the Qwen-Audio with our proposed pipeline, using
different settings. We demonstrate the evaluation results.

C Finally, we generate images with the selected methods and demonstrate the results.

6.1 Dataset Preparation

For the purpose of our research, we needed a dataset that contained audio mixtures of uni-
versal audio. Datasets that contain universal audio, particularly those with multiple and poten-
tially overlapping sounds, are exceedingly limited. The samples needed to contain multiple audio
sources and possibly overlapping each other to create a composite soundscape. Subsequently,
we used a source separation dataset, FUSS dataset [80].

The Free Universal Sound Separation (FUSS) Dataset is a database of arbitrary sound
mixtures and source-level references, for use in experiments on arbitrary sound separation. The
audio data is sourced from a prerelease of Freesound Dataset known as (FSD50K) [26], a sound
event dataset composed of Freesound content annotated with labels from the AudioSet Ontology
[27].

To create the mixtures, they used Scaper [61] to generate the audio data. 10 second clips
of sources are convolved with simulated room impulse responses and added together. KEach
10 second mixture contains between 1 and 4 sources. Source files longer than 10 seconds are
considered ”background” sources. Every mixture contains one background source, which is
active for the entire duration and the timing of the sound events are random. Room impulse
responses are simulated using the image method with frequency-dependent walls. Each impulse
corresponds to a rectangular room of random size with random wall materials, where a single
microphone and up to 4 sources are placed at random spatial locations. The data is reverberated
using a different room simulation for each mixture. In this simulation, each source has its own
reverberation corresponding to a different spatial location. Reverberated mixtures are created
by summing over the reverberated sources.
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6.1 Dataset Preparation

The room simulation is based on the image method with frequency-dependent wall filters. A
simulated room with width between 3-7 meters, length between 4-8 meters, and height between
2.13-3.05 meters is sampled for each mixture, with a random microphone location, and the
sources in the clip are each convolved with an impulse response from a different randomly
sampled location within the simulated room.

In this work, we use the evaluation set of FUSS containing 1000 samples. To allow the

assessment of the audio labels, we changed the script to include the labels of the FSD50K
dataset, which are weak labels, meaning that they have been created using heuristic rules and
they have a lower level of certainty.
Therefore, our dataset consists of 1000 samples of 10-second audio clips with 16k H z sample rate
encoded with Pulse-Code Modulation on a bit depth of 16-bits and overall it contains 2, 77 hours
of audio. Each row of the dataset, contains the filename, the audio array, the source labels and
the number of sources composed.

filename mixed_audio_array source_labels number_of_sources
example0000.wav [0.0, 0.0, 0.0,0.0,0.0,0.0,0.0,0.0,0.0, ... [Rain,Water]

[0.0,0.0,0.0,-3.0517578e-05,-3.0517578e-

05 [Wind, Glockenspiel,Mallet_percussion,Percussi...

example0001.wav

example0002.wav [0.0, 0.0, 0.0, 0.0, 0.0, 0.0, 0.0, 0.0, -3.05... [Harmonica,Musical_instrument,Music]

[0.0,0.0,-3.0517578e-05, 0.0,-3.0517578e- [Mechanical_fan,Mechanisms, Alarm,

example0003.wav 05... Female_spee...

example0004.wav [0.0,0.0,0.0,0.0,0.0,0.0,0.0,0.0,0.0, ... [Hiss, Wind_chime,Chime,Bell, Tick-tock,Clock,...

Figure 6.1.1: Dataset

There are 187 total unique labels, and in 19 instances the labels were not found.
The most frequent label is:

[’Electric_guitar,Guitar,Plucked. string instrument,Musical_instrument,Music’],

with frequency 66 and the least frequent label is [Bicycle,Vehicle] with frequency 1.
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Figure 6.1.2: Label Distribution
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Below, we can see the distribution of the number of sources in the audio samples.
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Figure 6.1.3: Number of Sources Distribution

The figure illustrates that there are 246 samples with one source, 226 samples with two

sources and so on.

Dataset Number

Samples 1000

Duration 2 hours 46 minutes
Unique Labels 187

Table 6.1.1: Dataset Statistics

6.2 Experiment A: Prompting Techniques Comparison

The first part of the experiments, is devoted on the textual description of an image through
audio.

In this experimental set, we generated image descriptions through the Qwen-Audio model
using different prompting techniques. Our goal is to appoint the strategy that yield superior
results but without further fine-tuning. The ALLM that we use in our experiments is Qwen-
Audio-Chat, which is built upon Qwen-Audio with further instruction-tuning and has around
8.4B parameters. We load the model using 4bit quantization, which does not have a major
impingement on the performance and mitigates high memory consumption.

Three different prompting strategies were used, namely Zero-Shot, Chain-of-Thought
and Role. We also experimented with Few-Shot, but providing examples as text audio input
to the prompt mislead the model into focusing on the examples and distracted it from the audio
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6.2 Experiment A: Prompting Techniques Comparison

input. The model draws its audio input from the prompt template and completely disregards
the actual audio output, leading to invalid results.

Technique Prompt Template

Zero-Shot Generate a visual description of a scene based on the
input audio.

Chain-of-Thought Imagine you are in a scene where you hear the input
audio. Think step-by-step: 1. What are the individual
sound sources present in the audio? 2. Where might
these sounds typically be heard together? 3. What vi-
sual elements would be present in such a location? 4.
What are the spatial relationships between the sound
sources? Describe the scene you would see, based on
your reasoning, including visual details and spatial re-
lationships between any sound sources.

Role Imagine you are a filmmaker who needs to create a
visual scene that matches the input audio. Write a
concise scene description that captures the atmosphere
and visual elements that correspond to the audio.

Table 6.2.1: Prompt Templates

For this experiment only, we selected 100 random samples from the original dataset in or-
der to compare the different strategies, keeping the label and number of sources distribution
approximately the same.
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Figure 6.2.1: Label Distribution for the small dataset
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Figure 6.2.2: Number of Sources Distribution for the small dataset

6.2.1 Qualitative Results

In the table 6.1.1 below, is an example of the responses of each strategy given an audio input
with the following source labels:

[’Giggle,Laughter ,Human voice’]
[’ Acoustic_guitar,Guitar,Plucked_string instrument,Musical_instrument,Music 7]
[’Cowbell,Percussion,Musical_instrument,Music,Bell’]

Attention should be given to the response of the Chain of Thought approach. The model
generated a detailed explanation and not a concrete description. On one hand, this thorough
explanation is necessary at explaining each interaction and detail in the audio, on the other
hand it is very rigid, lacking the imaginative qualities needed. Another thing worth mentioning
is the CoT technique recognized the guitar sound, where the other two methods failed.

6.2.2 Evaluation Methods

Below, we introduce the evaluation methods that were used to assess the results throughout
this experiment and the subsequent experiment B. The task of describing a visual image based
on the input audio is a complex process, encompassing a gamut of constituent parts. One must
first perceive each sound in the mixture, recognize the source of each audio stream, reason about
the intricate acoustic properties, translate these acoustic insights into visual scenes and aptly
describe the image. Thus, the evaluation of the text descriptions should reflect the complexity
and the nuance of the task and take into account each important factor.

CLAP score

For this experiment, one of the evaluation metric used is CLAPscore. Similar to CLIP, the
CLAP model [24] consists of an audio and a text encoder. Through contrastive learning, the
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6.2.2 Evaluation Methods

Technique Response
Zero-Shot A baby is laughing while a fork clatters on a plate.
Chain-of-Thought The input audio contains two separate sound sources:

a baby laughing and a guitar strumming. The baby
laughing is the primary sound source, while the guitar
strumming is a supporting sound source. These two
sound sources are likely to be heard together in a mu-
sic room or a classroom where a baby is playing with
a guitar. The visual elements present in such a loca-
tion could be a baby sitting on a guitar case, a teacher
playing the guitar, or other babies and children play-
ing with musical instruments nearby. The spatial re-
lationships between the sound sources could be close,
with the baby’s laughter and the guitar strumming
occurring simultaneously or in close proximity to each
other.

Role A baby laughs as a metal object strikes a surface.

Table 6.2.2: Responses of each prompting technique

model learns to correlate in the latent space the audio-text embeddings that are similar, and
push away the audio-text embeddings that are dissociated. Therefore, we extracted the input
audio embedding and the text response of the ALLM and we measured the cosine similarity.
The cosine similarity indicates the alignment between two vectors and consequently how much
their context match, without being affected by the magnitude of the vector’s magnitude like dot
product. The range of the values is [-1,1]. Cosine similarity closer to 1 indicates high similarity
between the audio and the text.

A-B
cosine similarity = S¢ (A, B) = W

Note that, while we use the CLAPscore for this experiment to compare the different prompt-
ing techniques, the score is probably not adequate to encapsulate the similarity between the audio
and a proper image description, mainly for two reasons:

e First, the model is not trained to handle very complex acoustic scenes

e Second, an acceptable visual description may not serve as an audio caption, deviating from
the strict description of the audio alone.

We used the clap-htsat-unfused model.
LLM-as-a-Judge
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Recently, LLMs have seen extraordinary progress. Naturally, people started using them as a
way to evaluate results in aspects that cannot be evaluated otherwise [32]. It is a cost-effective
alternative to human evaluation, which establishes the golden standard of evaluating responses
close to human perception. For the LLM judge we used Mistral-7B-Instruct [38], a highly used
model for this purpose.

We introduce the following evaluation metrics:

e Audio Understanding

— Source Perception: This metric measures the ability of the model to perceive the
sounds in the audio input. Due to the vague nature of the response, we employ an
LLM to assess the number of different sounds that are present in the text description,
which indicates the number of sounds the model perceived. Comparing this number
to the true number of sources, we can infer the model’s capacity to handle complex
audio inputs with overlapping sounds. We draw inspiration from the source separation
task, and we measure the percentage of under separated samples US, samples that
the model perceived fewer than the actual sounds, equal separated ES(same number
of sounds) and over separated OS(greater than the true number of sounds).

— Source Recognition: With source recognition, we aim to evaluate the capability
of the model to not only perceive the individual sounds, but to also recognize the
source. The reason for the two metrics concerning the perception of audio, is because
the model might be able to perceive a sound but misjudge the source, something that
naturally can happen even to humans. We employ the LLM to assign a binary label
(Yes/No) to the model’s responses, as to whether it incorporates the source labels in
the description. Then, we measure the accuracy.

number of correctly recognized

Accuracy =
4 total number of samples

e Image Description

We draw a distinction between the competence of the model to perceive and understand
audio, and it’s quality of describing a visual scene. Portraying an image through text
consists of an intricate mixture of properties.

— Coherence: The image description should make logical sense and be coherent. Given
the recognized sources, the scene described by the model should have a reasonable
connection to the sounds involved. We utilize the LLM-as-a-Judge to assign a score
(1 —10) with 10 being highest, to each response.

— Visual Details: Furthermore, it is natural to assume that a proper image description
should be visually rich, painting the whole picture as vivid as possible. We follow the
same scoring as before.

— Imagination: This metric aims at evaluating the ”truthful verbosity” of the re-
sponses. The process of imagining an image based solely from sound, incorporates
some level of imagination, or hallucination, but an image to be valid, it should be
grounded on the acoustic information. Consequently, the LLM-as-a-Judge assigns
high score (close to 10) if the model "hallucinated” details that are not present in the
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audio but can be logically deduced from the audio, and low score if the details are
fictional.

— Image Appropriateness: Finally, we measure the overall quality of the textual
response as an image description and its suitability as input to an image generation
model. Again, we use the (1 — 10) measure scale.

In our experiments, we define as level of difficulty the number of sources in the audio,
assuming that larger number of sources becomes an increasing challenge for the model.

6.2.3 Quantitative Results

CLAPscore

The figure below shows the cosine similarity values for each prompt strategy per number of
sources in the audio.
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Figure 6.2.3: CLAPscore

As we can see, all strategies have similar results with the CoT method performing slightly
better. However, all techniques have low similarity score which is a result of both the inadequacy
of the model to generate valid responses, the inability of the CLAP model to encode the complex
audio and also the intricacy of the task. The responses are not audio captions but (supposedly)
image descriptions based on audio. Therefore, despite the fact that we demonstrate the results,
it should be noted that CLAPscore may not be a valid evaluation approach. It indicates,
nonetheless, the variations in each prompting technique.

Source Perception

We plot the percentage of US,ES and OS for each number of sources.
As we can see, as the number of sources in the input audio increases the model struggles
to identify the exact number of sources in the audio (ES) and it perceive fewer and fewer
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Figure 6.2.4: Under Separation (left), Equal Separation (center), Over Separation (right)

sources than there are actually in the audio (US). When there are four different sounds in the

input mixture, the percentage of the correctly perceived samples for all prompting methods are
minuscule.

Figure 6.2.5, shows the overall performance in source perception of the model for each
prompting strategy.
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Figure 6.2.5: Source Perception for Each Prompting Technique

The US values, indicate the inability of the model to perceive the correct amount of sounds
and the ES values the exact opposite. The OS values on the other hand, indicate the extent to
which the model engages in hallucination, as it generates more sources than actually exist. The
findings reveal that the model exhibits limited hallucination, which is a desirable outcome.

Despite evaluating the prompting strategies on the task of perceiving the sounds in the
audio, is safe to say that we do not expect great discrepancies between the different prompting
strategies, because different prompts can not have a large impact on the audio perception which
is performed by the audio encoder. This is illustrated also by the uniform distribution of the
equal separation, where all three of the prompts yield consistent results.

Source Recognition
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Figure 6.2.6: Label Accuracy

Similar to source perception, the model struggles to correctly identify the sound sources as
the number of sources increases, but overall the prompting methods perform approximately the
same.

In order to test the ability of the LLM judge to infer the number of sources and the label
inclusion from the text description alone, we manually went through each sample annotated
each information from the text description only. Due to the large amount of data, we chose the
CoT method. We found that the LLM-as-a-Judge was 89% accurate at judging the number of
sources from the text response of the ALLM alone, which is pretty precise. We also found that it
was 84% accurate at discerning the inclusion or not of all source labels. This is a somewhat high
score, given that the labels provided by FSD50K are weak and don’t paint the whole picture of
the sound. Some sounds are pure sound effects that are hard to categorized even by humans.
Therefore, we concluded that the LLM-as-a-Judge is a valid process of evaluating the responses
of ALLM. Keep in mind that the value of the LLM-as-a-Judge’s accuracy at scoring the inclusion
of all labels is subject to noise, which is the human error itself, as we could possibly be wrong
with some of our answers.

Image Description

In the coherence metric, the Chain-of-Thought technique dominates with a mean score of
8.27 over the other methods. Especially, the Role method yields the lowest score. A reason for
this might be because the role we assigned to the model is of a filmmaker and the responses
might be too artistic.

It is also clear, that the responses of the model do not entail the visual vividness appropri-
ate to an image description. The highest score achieved with a prompting technique is 5.37,
signifying the incompetence of the ALLM to generate a visually rich description.

The Role strategy has a slight superior imagination score, but all methods perform similarly.
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Figure 6.2.7: Image Description Metrics

Overall, the Chain-of-Thought prompting technique, achieves the best results. Therefore,
we choose to use the ALLM with the CoT prompt for the next set of experiments. Notably,
the Zero-Shot prompt yield the lowest score in the majority of the metrics, emphasizing the
improvement caused through prompting techniques. This elucidates the fact that describing the
visual scene based on audio can benefit from a step-by-step reasoning process, where the model
decomposes the problem into intermediate components focusing on each individual aspect.

6.3 Experiment B: Comparison with Proposed Method

So far, we have used only the ALLM as a means of describing an image based on audio.
In this set of experiments, we employ our proposed pipeline to generate visual narratives, and
compare different settings for each component of the proposed pipeline with the ALLM.
We use the same evaluation metrics used as before for the LLM-as-a-Judge but we skip the
CLAPscore due to the discrepancies explained earlier.
We partition the evaluation and comparison of the proposed pipeline to the ALLM in two
sections.

Audio Understanding

The first section, is concerned with audio understanding, which consists of the audio percep-
tion and recognition. We contemplate the two approaches, showcasing any improvements that
the source separation component may have induced in approaching complex acoustic scenes.

As we explained in the previous section, our proposed pipeline 5.0.2 consists of an audio
source separation component, an audio-language component and an LLM. The source separation
component and the audio-language model are responsible for the perception and understanding
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of the acoustic insights of the input. For the source separation we used the baseline model of the
FUSS dataset [80]. This model, based on TDCN++-, generates four audio waveforms regardless
of the true number of sources of the audio. For example, if the audio contains two sources, the
model will generate four estimates, two of which will be zero (silence) or nearly zero (might have
artifacts). To eliminate the waveforms that are zero or practically zero and only pass the active
sources through the audio-language model, we propose a filtering method.

To filter out the non-active separations we compute the sum of the audio and it’s max value
and return the product. If the product is above a threshold we preserve the audio, otherwise
we discard it. From experimentation, we found that a good threshold is 0.1. Therefore, the
sum value rejects short high intensity audio abnormalities and the max value rejects long, low
intensity constant noise. We also compute the root mean square (RMS) value of the signal and
compare it with the RMS value of the original audio. The RMS value of an audio signal, is a

RMS = V %Zf\ile

RMS is an important measure in signal theory, as it describes the dynamic range of the audio.

measure of its ”loudness”.

High rms value indicates an active signal. Because every sample has different rms value, we
compare the rms value of the estimated source and the original sample and if the estimate is
within 10% of the original rms, it is accepted. It is important to note that with this method,
in 2 out of 1000 samples (0.2%) none of the sources were accepted, but we did not lower the
threshold because other non-active sources would then pass through.

For the audio-language component, we experimented with two different models. The first
one, is the same we used in the experiment A, namely Qwen-Audio-Chat, which has the ability to
meticulously describe the audio. We used the prompt ”Describe the audio in detail”. However,
this model is quite large in size, having 8.5B parameters, therefore we investigated whether the
performance would not deteriorate by utilizing a smaller audio captioning model. We performed
the same experiments, using the EnCLAP-large model [43] which has around 620M parameters.

Automated Audio Captioning (AAC) is an emerging audio perception task that involves rec-
ognizing environments, sound events and then describing them in fluent sentences. EnCLAP
used two acoustic representation models, EnCodec [17] and CLAP [24], together with a pre-
trained language model, BART [49], as a captioning decoder. EnCLAP is trained using masked
codec modeling, guiding BART to learn the relationships between the encoded audio, using Au-
dioCaps [42] and Clotho [22] datasets During training, they employ cross-entropy loss between
the correct caption and the generated caption.

To measure the number of sources in the description, we counted the number of descriptions

of each sample. The figure 6.3.1 below, compares the performance of audio perception between
the proposed pipeline and the ALLM.
The results, even though comparable, justify the inclusion of a source separation component.
As we can see, the proposed pipeline achieves better results in all three of the metrics. It yields
36% improvement on equal separation and even diminishes the hallucination incidents. It is
evident, that the audio-language model will benefit from a component that can preprocess a
complex audio, into its constituent sounds.

The improvement will also be highlighted plotting the equal separation across the number
of sources.
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Figure 6.3.2: Equal Separation

When the number of sources are three, the proposed pipeline manages to perceive far more
sounds than the ALLM alone. Overall, however, the results are proportional.

To evaluate the recognition of each sound based on the weak labels, we opted for a slightly
different approach than the ALLM. While the ALLM responses where direct and easy to decipher
the number of different elements, the descriptions of our proposed method are more in line with
an image description, thus they impose a challenge to identify the number of acoustic sources.
Consequently, we evaluated each individual description of the audio-language component, and
considered a sample as ”valid”, if all the descriptions of the sample had correctly predicted
the label. We evaluate the results of the proposed pipeline with the EnCLAP model and the
Qwen-Audio-Chat, figure 6.3.3.

Again, the results between the proposed pipeline and the ALLM are comparable, with im-
provement starting to appear above two number of sources, where Qwen-Audio-Chat manages
to recognize accurately more samples than the ALLM, and at four number of sources, both En-
CLAP and Qwen-Audio-Chat are able to identify slightly more samples correctly. The EnCLAP
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Figure 6.3.3: Label Accuracy per Number of Sources (We define as Proposed_EnCLAP the
proposed pipeline using the EnCLAP model and Proposed_Qwen the proposed pipeline using
the Qwen model)

model despite having 7.3% of the Qwen-Audio-Chat parameters, has a solid performance.
Image Description

The individual captions of the audio-language model are then passed through the LLM
to merge them into a unified description of an image where the sounds could be heard. For
the choice of the LLM, we experiment with three different LLMs and two different prompting
techniques, a zero-shot prompt and a chain-of-thought prompt. We use the Qwen 2.5 7B-Instruct
[55], the Mistral 7B-Instruct [38] and the Falcon3 7B-Instruct [71] models. Together, in total
we have a set of nine different results.

Audio-Language Model LLM Prompt Size
Qwen-Audio Qwen LLM  zero_shot prompt 15.58
EnCLAP Qwen LLM CoT prompt 7.6B
EnCLAP Qwen LLM  zero_shot prompt 7.68
Qwen-Audio Mistral LLM zero_shot prompt 15.58
EnCLAP Mistral LLM CoT prompt 7.6B
EnCLAP Mistral LLM zero_shot prompt 7.6B
Qwen-Audio Falcon LLM zero_shot prompt 15.5B
EnCLAP Falcon LLM CoT prompt 7.6B
EnCLAP Falcon LLM zero_shot prompt 7.68

Table 6.3.1: Proposed Pipeline Settings

We try the zero shot prompt with both audio-language models but experiment with the
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chain-of-thought prompt using the EnCLAP model, which has significantly smaller size. Given
that the separation module has around 9M parameters, the overall size of the proposed pipeline
with the EnCLAP audio-language model is around 7.6B, 1B smaller than the initial Qwen-
Audio-Chat model.

In the figure below, we show the results for each evaluation metric of image description.
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Figure 6.3.4: Coherence Mean Score for Each Method

In terms of consistency, the ALLM alone manages to surpass our proposed method. The
output of the ALLM is more coherent and grounded to the audio, and its structure provides as
it seems a more coherent answer than the other methods. We assume, this is also caused by
the fact that the generated text of the ALLM is more like a thorough explanation than a visual
description, as it can be seen in the examples in the appendix.

Furthermore, the generated descriptions of our proposed methodology offer a detailed and nu-
anced representation of the visual elements rather than a superficial and rigid audio-visual
mapping. Mistral achieves the highest score using EnCLAP and Chain-of-Thought prompting
6.3.5.

Falcon with EnCLAP and CoT prompt, seems to outpace the other methods in terms of imagi-
nation, managing to hallucinate reasonably enough visual details that can be inferred from the
audio. Again, our proposed methods accomplish highest score compared to the ALLM 6.3.6.

Finally, the figure 6.3.7 shows that our proposed method’s descriptions offer a more suitable
image description in total, contributing to a more suitable portrayal of a visual scene than can
aptly guide an image generation model.
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Overall, LLM-as-a-Judge has interpreted the descriptions of our proposed pipeline as visu-
ally more compelling and suitable than the end-to-end audio large language model. Though
the ALLM has the capacity to understand sounds and their spatial relationships, it lacks the
capability to leverage the semantic knowledge of the language model component to organize this
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Figure 6.3.7: Image Appropriateness Mean Score for Each Method

auditory perception into a meaningful visual representation. Analyzing the different choices of
our pipeline, we can draw the following conclusions:

e In general, the chain-of-thought prompt achieves the highest results among all LLMs.

e Leveraging the EnCLAP model as an intermediate audio-language step yield superior
results.

e Among LLMs, Mistral provides the more coherent and visually detailed description.

e Falcon is a more consistent and robust LLM, producing uniform results across different
settings.

So far, we have analyzed the capacity of the audio large language model and our proposed
pipeline to provide a visually adequate description of a scene based solely on a complex audio
input, being able to translate the auditory insights into valid visual representations that are
reasonable according to our commonsense. In the following section, we are going to implement
this process in a somewhat real-world experiment, generating images from auditory scenes.

6.4 Experiment C: Generating Images from Movie Scenes

In the final stage of the experimental process, we implemented the Qwen-Audio-Chat model
and two of the most effective configurations from our proposed approach, in an image generation
assessment involving complex acoustic environments.
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6.4.1 Dataset

6.4.1 Dataset

We drew samples from Condensed Movies dataset [4], which contains video clips from popular
movie scenes. We manually went through examples and selected clips that contain a composite
acoustic scene, with a variety of overlapping environmental and speech sounds. We opted for
scenes that are amenable to mental imagery, but still challenging.

We handpicked 22 example clips and trimmed the video clip in the appropriate time frame
of 10 seconds. Then, we extracted the audio and selected a representative frame that depicts
most of the acoustic elements for further evaluation.

Figure 6.4.1: Samples Preparation

6.4.2 Human Evaluation

We chose as our method’s configurations the EnCLA P-Falcon-Zero_Shot and the EnCLAP-
Mistral-Chain_of-Thought, which yield the highest rating from the previous experiments among
the zero-shot and chain-of-thought prompt respectively. Together, with the initial Qwen-Audio
model, we generated textual descriptions through the extracted audio of the movie samples.
Afterwards, using the textual outputs of the models, we generated images leveraging Stable
Diffusion 3.5 Medium [25]. To effectively and qualitatively evaluate the text descriptions, which
describe the visual scene of the audio, and the generated images as well, we conducted a human
evaluation.

First Part

The first part of the human evaluation aims at assessing the text descriptions among the three
methods. The evaluators where given three examples of input audio and three text descriptions,
in random method order, and where asked to select one of three methods for each of the three
below questions:
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1. Which description fits better given the input audio?
2. Which description is visually more detailed?

3. Which one of the three is overall better?

The total participants were 37. The figures below show the percentage of the evaluators option
between each method, for each question.

percentage
percentagedo

20 18 20

2 6

I 0
ALLM FALCON_ZERO MISTRAL_COT ALLM FALCON_ZERO MISTRAL_COT ALLM FALCON_ZERO MISTRAL_COT

Figure 6.4.2: Suitability According to Audio (left), Visual Detail (center), Overall Quality
(right)

Regarding the appropriateness of the textual description to the input audio, the majority of
the evaluators chose the ALLM model. Although this result may reflect the true performance
between the models, it is important to mention a possible bias concerning this specific question.
The output of the Qwen-Audio, in contrast to our proposed method’s outputs, is more straight-
forward and more explanatory. At first, it states the sounds prevalent in the audio and then
proceeds at explaining other attributes. This trait, may elicit a bias to the evaluators towards
this description, despite the correctness of the other descriptions.

For the next two questions, especially for the visual detail, the mistral-cot configuration is
undoubtedly the most favorable. Overall, this method seems to yield better descriptions of the
visual scene rather than explicitly reciting the audio.

Second Part

In the second stage of the user study, the evaluators where given five examples of an input
audio and three generated images from the textual descriptions of each method. For each image,
they were asked to rate from 1(lowest) to 5(highest), for each of the metrics below:

1. Similarity to the input audio
2. Realism

3. Detail

Concerning the similarity to the input audio, our method with mistral and chain-of-thought
achieves higher score among the others, however all three do not manage to accomplish high
rating.
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Figure 6.4.3: Similarity to Audio (left), Realism (right)

It is worth mentioning that, for this metric as well as the following, the evaluation of such
task is prone to subjectivity. Each individual is different and may pay attention to distinct
elements of the audio-image pair. Also, each person could have followed a different process of
evaluation, affecting the results.

Regarding the realism of the images, the results are similar to the previous metric. Our
method is rated with a highest overall score with a mean value of 3.11, but in general all three
have comparable scores. Finally, for the level of the detail of the images we have analogous
results. In total, our proposed pipeline, using Mistral and Chain-of-Thought prompt, yields the
best results.

score

ALLM FALCON_ZERO MISTRAL_COT

Figure 6.4.4: Level of Detail Mean Score for Each Method
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6.4.3 CLIPscore

To quantitatively measure the alignment of the generated textual descriptions to the true
image frames from the scene, we computed the CLIPscore for each method using CLIP [56].
We extracted the text embedding of the textual descriptions and the image embeddings of the
ground truth frames, and computes the cosine similarity

. ilarit Sc(A, B) A-B
cosine similarity = S¢(A,B) = ——————
Al [[B|
Method CLIPscore 1
Qwen-Audio 0.2279
Falcon-Zero_Shot 0.226

Mistral-Chain_of_Thought 0.2047

Table 6.4.1: CLIPscore

The low level of CLIPscore for all three of the methods, indicates the intricacy of the task
and the incompetence of quantitative measures and the objective evaluation of the process in
general. The visual scene from the film is subjective based on the audio and the selection of the
representative frame may not be ideal. This, further emphasizes the importance of the qualitative
evaluation provided by human assessment, contributing to a more nuance understanding of the
performance.

However, this slight improvement of the ALLM CLIPscore, could be attributed to the for-
wardness of the textual descriptions, which does not deviates from the input audio with details.
The model, as we mentioned, does not have the capacity to imagine in depth a visual scene
from the audio, which explains its advantage over the other methods in objective metrics like
CLIPscore.
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Qwen-Audio

The input audio contains two sound sources: sizzling and
a woman speaking. The sizzling sound is coming from a
pan or a frying pan, and the woman is speaking. The
woman is speaking in a foreign language, which makes it
difficult to understand what she is saying. The sizzling
sound is a common sound that is often associated with
cooking, especially frying food. The woman's voice is
faint and can be heard in the background. The visual
elements that would be present in such a location would

likely include a kitchen with a stove, a frying pan, and
possibly a person cooking or frying food. The spatial
relationship between the sound sources is that the sizzling
sound is coming from the stove, and the woman's voice is
coming from somewhere nearby."

Falcon_ Zero

Mistral_CoT

"Imagine a dynamic scene where the sound of "In a bustling, open-air market, a vibrant scene unfolds.

sizzling and crackling fills the air, suggesting

a stovetop or a campfire, while the

unmistakable scrape of metal against metal

adds a touch of urgency or struggle. In the
foreground, a woman's voice is heard, perhaps
offering instructions or commentary, followed

by the clank of dishes or a metal container,

which is then answered by a man's voice,

possibly providing a contrasting perspective or
additional details. This auditory tableau sets

the stage for a lively, perhaps bustling or

A woman in traditional attire, her voice lively and
inviting, engages with a nearby vendor. The vendor, a
man with a hearty laugh, responds with a clanking sound
as he rummages through a large, metal barrel filled with
various kitchenware.Nearby, a food stall sizzles and
crackles with the aroma of freshly cooked dishes wafting
through the air. A large, flat metal griddle rests atop a
roaring fire, its surface glistening with oil and the
remnants of recently cooked meals. The sound of metal
scraping against metal echoes as the cook stirs the food,
skillfully flipping and seasoning the dishes. The market is

action-packed environment, ripe fora vivid  bustling with activity, with the clanking and scraping of

visual representation.”

metal mixed with the lively chatter of vendors and

patrons. The scene is bathed in warm, golden sunlight
filtering through the market’s colorful canopies, casting
dappled shadows on the cobblestone ground. The market,

with its lively atmosphere, tantalizing aromas, and the
rhythmic sounds of cooking and conversation, is a visual

feast for the senses.”
]

{

"The input audio contains two sources of sound: a man
speaking and a crowd cheering. The man is speaking
into a microphone, and the crowd is cheering. This
audio could be coming from a live event, such asa
concert or sports game, where the man is giving a speech
or announcement, and the crowd is responding in
excitement. The music in the background could be
playing live, and the sound of the crowd cheering could
be heard through the speakers. The spatial relationships
between the sound sources are unclear, as the audio is not
clear enough to determine the exact location of each
sound source.”

"Imagine a dimly lit room where a man,
with a gentle, focused expression, is seated
on a worn wooden stool, his fingers
dancing across the strings of a guitar. The
room is filled with an ethereal ambiance
as the guitar's melodies intertwine with
the hauntingly beautiful sounds of a
synthesizer, creating a tapestry of sound
that seems to weave through the air. In the
background, muffled voices echo softly,
adding an intimate layer to the scene, as if
they are part of a conversation that is both

"In a spacious, dimly lit room, a man is engrossed in playing
a classic acoustic guitar, his fingers gracefully strumming
the strings, creating a melody that fills the air. The guitar's
sound, warm and resonant, echoes off the walls, blending
harmoniously with the rhythmic beats of a distant
synthesizer.The synthesizer, a modern and electronic
counterpoint to the guitar, adds a layer of futuristic,
pulsating notes to the room. Its music, while different,
complements the guitar's melody, creating a unique
symphony that resonates through the space.\n\nIn the
background, the man's voice can be heard, a deep, soothing
baritone that carries a sense of wisdom and passion. His
words, spoken with a rhythm that mirrors the music, add
another layer to the room’s ambiance, creating a
captivating, dynamic atmosphere.In the distance, muffled
voices can be heard, a reminder of the world outside the
room. These voices, though faint, add a sense of life and
activity to the scene, creating a contrast that enhances the
serenity and focus of the man playing the guitar and the
synthesizer's rthythmic beats. The room, bathed in a soft,
warm light, is filled with a sense of peace and creativity. The
guitar, the synthesizer, the man's voice, and the distant
voices all coexist in harmony, creating a visual scene that is
as dynamic and engaging as the symphony of sounds they
produce.”

Figure 6.4.5: Example Outputs for each Method
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Chapter 7

Conclusion

7.0.1 Discussion

This thesis explores methodologies for generating plausible visual descriptions from a complex
audio input. We employ a pretrained Audio Large Language Model (ALLM) and experiment
with different prompting techniques aimed at improving the quality of the results. Furthermore,
we explore the feasibility of leveraging audio source separation with a large language model to
enhance the comprehension of the audio and construct a text description of an image, which
can then be used to guide the image generation process. Our experimental results, indicate an
improvement upon the quality of the textual descriptions and the generated images.

In our implementation, leveraging an intermediate audio captioning model (EnCLAP) yields
improved performance compared to a substantially larger ALLM. Through experimentation
with various LLMs and prompts, we have determined that Mistral 7B-Instruct with a Chain-
of-Thought prompt generates a visually compelling description, having the capacity to infer
numerous visual details that are coherent with the audio input while also demonstrating a
degree of imaginative interpretation.

7.0.2 Limitations

Despite the advantages of our proposed framework, we should also mention several limita-
tions that it imposes. While the modularity of the system facilitates the interchangeability of
components and enables experimentation with different configurations, it also introduces a con-
siderable number of potential failure points in a hierarchical structure. If the audio separation
module is unable to adequately differentiate the individual audio sources, it impedes the proper
recognition by the audio language model. Consequently, if the audio language model fails to
interpret the audio content, the resulting description becomes meaningless. Another limitation,
in part intentional, is the elimination of the time dimension of the audio, which is a characteris-
tic trait of auditory information. Audio is a sequential data and the task of generating a single
frame from audio collapses the chronological order into one moment.

7.0.3 Future Work

In future work, there are several research paths that can offer substantial contributions.
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7.0.3 Future Work

. Experimenting with different, larger models. Larger LLMs tend to exhibit more emerging
abilities

. Improving universal sound separation will effectively enhance the overall quality of the
results

. Generating video output will be more in line with the auditory perception and will establish
a new frontier in many industries

. Cross-modality reasoning is an intriguing topic and further investigating the opposite,
image-to-audio will be of great interest

. Restricting to a specific domain, like music visualization, leveraging musical instrument
separation may lead to better results than the more general universal audio.

. Contributing to better evaluation metrics for the quality assessment of audio to image
generation
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Appendix A

Additional Details

A.1 Prompts

LLM-as-a-Judge prompts

Evaluation

Prompt Template

Number of Sources

< s> [INST] You are a helpful assistant acting as a judge. You will be given

an LLM response, which is a text description of a scene based on a given audio

input. Your task is to identify the number of different sound descriptions that

are present in the response. The number should be from 1 to 4 different sounds.

Sounds can be environmental sounds, onomatopoeias like roar or chirp, music,

speech. For example: LLM response: ”The audio is of a child speaking followed

by the sound of rustling and then a click.” The output should be: [/INST]
3< /s>

[INST] Output only a number from 1 to 4 and nothing else.

LLM response: {prediction} [/INST]

Labels Accuracy

< s > [INST] You are a helpful assistant acting as a judge. You will be
given an LLM response, which is a text description of a scene based on a given
audio input and the corresponding weak labels of the input audio. Your task is
to assign a binary label (Yes/No) to each description, whether it includes the
sounds that are described by the weak labels. Careful, the weak labels are of
poor quality so they can be generic. For example if the description is ” The audio
is of a child speaking followed by the sound of rustling and then a click.” and the

weak labels are: ”[’child laughter, children voice’, ’crumpling_and_crinkling’]”
then the output should be: [/INST]
"Yes” < /s>

[INST] Output only "Yes’ or 'No’ and nothing else. Keep in mind that the
labels are weak. Only output yes if all sounds are included. If the description
describes a sound that can not be inferred from the weak labels output 'No’.

LLM response:{prediction} weak labels: {source_labels} [/INST)

Table A.1.1: Prompt Templates for the Audio Perception Evaluation
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Evaluation Prompt Template

Coherence [INST] You are a helpful assistant acting as a judge. You will be given an LLM
response, which is a text description of a scene based on a given audio input.
Your task is to output a score from 1 to 10 with 1 being lowest and 10 being
highest, on how much the description makes logical sense given the identified
sound sources. For example if the identified sources are ”children playing” and
”splashing water” and the response is ”children playing in a pool” the output
score should be high. Output only the score and nothing else.

LLM response: {prediction} [/INST)

Visual Detail [/INST] You are a helpful assistant acting as a judge. You will be given an
LLM response, which is a text description of a scene based on a given audio
input. Your task is to output a score from 1 to 10 with 1 being lowest and
10 being highest, on how much visually detailed is the generated description,
how rich are the visual details. Output only the score and nothing else. LLM
response: {prediction} [/INST]

Imagination  [/INST] You are a helpful assistant acting as a judge. You will be given an
LLM response, which is a text description of a scene based on a given audio
input and the weak labels of the audio. Your task is to output a score from
1 to 10 with 1 being lowest and 10 being highest, on how much the LLM
hallucinated details that are not present in the audio weak labels but make
sense from the audio weak labels. For example, if the description is: ”A man
breathing heavily wearing a blue shirt” and the weak labels are:[’breathing’],
the output score should be high because the LLM imagined something that
is not present in the audio but makes sense. If the description is: ”A man is
walking holding a cranky cat in his hands” and the weak labels are: ['walking’],
the output score should be low because there is no cat present in the audio.

LLM response: {prediction} weak labels: {source_labels} [/INST)

Image [INST] You are a helpful assistant acting as a judge. You will be given an
Appropriate- LLM response, which is a text description of a visual scene based on a given
audio input. Your task is to output a score from 1 to 10 with 1 being lowest
and 10 being highest, on how good it is as an image description and how much

ness

suitable it is as an input to an image generation model. Output only the score
and nothing else.

LLM response: {prediction} [/INST)

Table A.1.2: Prompt Templates for Image Description Evaluation

Text merging prompts

These prompts were used for the final text merging of our proposed pipeline for each LLM
we used. Each model follows a slightly different format.
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Evaluation Prompt Template

Labels Accuracy < 8 > [INST] You are a helpful assistant acting as a judge. You will be

given an LLM response, which is a text caption of an audio input and the
corresponding weak labels of the input audio. Your task is to assign a binary
label (Yes/No) to the text description, whether it includes the sounds that are
described by the weak labels. Careful, the weak labels are of poor quality so
they can be generic. [/INST] < /s >

[INST] Output only "Yes’ or 'No’ and nothing else. Keep in mind that the
labels are weak. If the description describes a sound that can not be inferred
from any of the weak labels, output 'No’.

LLM response: {prediction} weak labels: {source_labels}[/INST]

Table A.1.3: Prompt Template for Label Accuracy of Intermediate Captions

Method

Prompt Template

Zero-Shot

[SYSTEM]: ”You are a creative assistant that transforms audio descriptions into vivid visual
scenes. Your task is to analyze multiple audio captions, combine their details, and create
a cohesive, richly detailed description of a visual scene. This description will be used to
generate an image, so ensure it is clear, imaginative, and visually evocative.” ”Prompt:
Combine the following audio descriptions into a single, vivid image description suitable for
an image generation model:

{descriptions}

The output must be concise ”

Chain-of-
Thought

[SYSTEM]: "You are a creative assistant that transforms audio descriptions into vivid vi-
sual scenes. Your task is to analyze multiple audio captions, combine their details, and
create a cohesive, richly detailed description of a visual scene. This description will be used
to generate an image, so ensure it is clear, imaginative, and visually evocative.” Prompt:
”Think step-by-step: 1. Read each individual audio description and identify key elements
such as sound sources, 2.Imagine a visual scene that can naturally incorporate all the iden-
tified audio elements. 3. Consider spatial relationships, 4.Convert the auditory clues into
visual descriptors, 5.Merge all these elements into a single, flowing narrative that paints a
vivid picture of the scene, 6. Ensure the description is coherent, contextually consistent, and
naturally integrates all auditory details. Produce one unified image description suitable for
an image generation model, that captures a scene where all the individual audio elements
coexist in a coherent, visually engaging manner.

Audio Descriptions: {descriptions}”

Table A.1.4: Prompt Template for Qwen 2.5 Text Merging
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Method Prompt Template

Zero-Shot ~ "User: Combine the following audio descriptions into a single, vivid image description suit-
able for an image generation model. Audio Descriptions:{descriptions}. Assistant:

Chain-of- "Think step-by-step: 1. Read each individual audio description and identify key elements

Thought such as sound sources, 2.Imagine a visual scene that can naturally incorporate all the iden-
tified audio elements. 3. Consider spatial relationships, 4.Convert the auditory clues into
visual descriptors, 5.Merge all these elements into a single, flowing narrative that paints a
vivid picture of the scene, 6. Ensure the description is coherent, contextually consistent, and
naturally integrates all auditory details. Produce one unified image description suitable for
an image generation model, that captures a scene where all the individual audio elements
coexist in a coherent, visually engaging manner. Audio Descriptions: {descriptions}

Table A.1.5: Prompt Template for Falcon Text Merging

Method Prompt Template

Zero-Shot ~ ”Combine the following audio descriptions into a single, vivid image description suitable for
an image generation model:descriptions The output must be concise”

Chain-of- "Think step-by-step: 1. Read each individual audio description and identify key elements

Thought such as sound sources, 2.Imagine a visual scene that can naturally incorporate all the iden-

tified audio elements. 3. Consider spatial relationships, 4.Convert the auditory clues into
visual descriptors, 5.Merge all these elements into a single, flowing narrative that paints a
vivid picture of the scene, 6. Ensure the description is coherent, contextually consistent, and
naturally integrates all auditory details. Produce one unified image description suitable for
an image generation model, that captures a scene where all the individual audio elements

coexist in a coherent, visually engaging manner. Audio Descriptions: {descriptions}

Table A.1.6: Prompt Template for Mistral Text Merging
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A.2 Example Results

Visual Descriptions examples

In the tables below we show example text descriptions from the Experiment B

Model

Text Output

Qwen-Falcon-Zero_Shot

"Imagine a dimly lit room where the gentle rhythm of water droplets creates
a soothing background melody. The droplets fall steadily from a high point,
like a soft, continuous rain on unseen surfaces. The sound is calming, almost

meditative, as it fills the air with a tranquil hum.”

EnCLAP-Falcon-Zero_-
Shot

"Imagine a dimly lit room where the gentle rhythm of water droplets creates a
soothing, almost hypnotic background melody. The droplets fall steadily, each
one echoing softly as they hit a surface, casting a series of tiny, shimmering
reflections on the walls and ceiling. This auditory symphony is accompanied by
the subtle sheen of water, which seems to dance in the dim light, transforming

the space into a tranquil oasis of sound and sight.”

EnCLAP-Falcon-Chain_-
of_Thought

”In a serene courtyard, a faucet drips rhythmically, echoing the soft tolling of
a distant church bell. Overhead, a lively tree is home to chirping birds, their
cheerful songs blending with the intermittent barks of a playful dog nearby.
In the center, a person is typing away at a typewriter, the clack-clack of keys
punctuating the scene. In the background, the joyful laughter of children fills
the air, creating a vibrant tapestry of sounds that bring the peaceful courtyard
to life.”

Table A.2.1: Example Results from Experiment B for an audio clip with weak labels: [Rain,

Water]
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Model

Text Output

ALLM

"The input audio contains the sound of rain falling on different surfaces. The
rain is falling on the ground, roof, and water. The audio is a bit noisy and in

mono. This audio can be heard in a rainy day outside.”

Qwen-Qwen-Zero_Shot

”Water drips steadily from a faucet, creating a gentle cascade of droplets in

the quiet room.”

EnCLAP-Qwen-Zero_-
Shot

”Water drips steadily from a faucet, creating a gentle pitter-patter on the sink

below.”

EnCLAP-Qwen-Chain _-
of_Thought

”In a dimly lit bathroom, a dripping faucet hangs above a sink, casting a soft,
diffused light on the tiles below. Water droplets form at the tip of the faucet
and fall in a gentle, rhythmic pattern, creating a soothing, ambient sound.
Each drop splits the air as it descends, leaving a faint trail of moisture behind.
The background features a few scattered toiletries and a towel hanging on the
side, adding to the cozy, domestic atmosphere. The sound of the dripping
water blends seamlessly with the quiet hum of the room, creating a serene and

peaceful ambiance.”

Qwen-Mistral-Zero_Shot

”A tranquil scene unfolds, featuring a small, moss-covered waterfall cascad-
ing into a serene, crystal-clear pool below. Droplets of water are continuously
falling, creating a soothing, rhythmic sound as they splash into the pool, rip-

pling its surface.”

EnCLAP-Mistral-Zero_-
Shot

”A tranquil scene features a small, moss-covered stone bridge arching over a
gently flowing stream. The water cascades from the bridge above, creating
a rhythmic dripping sound as it lands in the clear, pebble-bottomed stream
below. The surrounding area is lush with verdant ferns and tall, swaying trees,
casting dappled sunlight onto the water’s surface. A soft mist hangs in the air,

adding an ethereal quality to the serene landscape.”

EnCLAP-Mistral-Chain_-
of_Thought

”Imagine a bustling city street at dusk. The sound of water dripping from
a leaky roof above creates a rhythmic patter on the ground below, mingling
with the crunch of footsteps on gravel. In the distance, a dog barks, its sound
echoing off the surrounding buildings, creating an eerie, almost haunting effect.
A car horn blares in the distance, its sharp, discordant note cutting through
the otherwise peaceful ambiance. The soft, melodic tune of a nearby radio can
be heard, the music adding a touch of serenity to the chaotic scene. A bird
chirps, its song sweet and clear against the backdrop of the city sounds. Rain
falls gently, the drops hitting the ground with a soft plop, creating a soothing
symphony that seems to calm the city’s heartbeat. The scene is bathed in the
warm, golden glow of the setting sun, casting long, dancing shadows on the
cobblestone street. The city is alive with sound and movement, yet there is a

sense of peace and tranquility that permeates the air.”

Table A.2.2: Example Results from Experiment B for an audio clip with weak labels: [Rain,

Water]
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A.3 Human Evaluation

Participants Statistics

41-50
5.6%

20-25
47.2%

Women
64.9%

Figure A.3.1: Participants Gender (left) and Age (right)

High .
Intermediate Basic
o 27

High
83.8% 89.2%

Figure A.3.2: Participants Hearing Difficulty (left) and Level of English (right)

Unfamiliar
5.4%

Competent
Proficient 40.5%

32.4%

Aware
21.6%

Figure A.3.3: Participants Familiarity with Al

The majority of the participants are young adults, under the age of 30, and do not have a
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hearing impairment. Given the importance of comprehending the English text descriptions, the
majority of the participants possess a high level of English understanding. Also, most of the
evaluators were familiar with Artificial Intelligence.

Text Descriptions

Model Captions Descriptions
Falcon- "Birds are chirping", 7 A scene unfolds with birds cheerfully chirping, their
Zero_Shot  "Birds chirp, music songs harmonizing with a lively melody of music

plays, and a door slams", playing in the background. Suddenly, the tranquility
"Clanking and rustling" is disrupted by the sharp sound of a door slamming,
adding an element of surprise and movement to the

otherwise serene auditory environment.”

Mistral- ""Birds are chirping", ”In a picturesque, tranquil landscape, a vibrant, ver-
Chain_of - "Birds chirp, music dant forest stretches out, filled with the harmonious
Thought plays, and a door slams", symphony of nature. The canopy above is a lively

"Clanking and rustling" tapestry of leaves, swaying gently in the breeze, while

the forest floor is a mosaic of ferns, wildflowers, and
fallen leaves. Nestled within this verdant haven, a
variety of birds are perched, their colorful plumage
standing out against the greenery. They chirp melo-
diously, their voices blending with the soft rustling
of leaves and the distant, soothing melody of a lul-
laby, as if the forest itself is lulled into a peaceful
slumber. In the distance, a wooden cabin comes into
view. Its aged wooden walls are weathered by time,
and the roof is adorned with moss and small, colorful
flowers. The cabin door swings open, and a clanking
sound echoes through the forest, as if a blacksmith is
at work within. The clanking sound is interspersed
with the soft rustling of fabric, hinting at the pres-
ence of a person moving about inside the cabin. The
scene is bathed in the soft, warm glow of the setting
sun, casting long, dappled shadows across the forest
floor. The overall atmosphere is one of peace and
tranquility, where the beauty of nature and the com-

fort of human presence coexist in perfect harmony.”

Table A.3.1: Example Description Results from the Corresponding Captions

Generated Images
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Figure A.3.4: Image Results from Experiment C: ALLM Images (top row), Falcon-Zero_Shot
Images (middle row), Mistral-Chain_of_Thought Images (bottom row)

Falcon_Zero

Falcon_Zero

Mistral_CoT

123






Bibliography

1]

[10]

[11]

1 - physics of sound. In J. T. Talty, editor, Industrial Hygiene Engineering (Second Edition),
pages 372-389. William Andrew Publishing, Park Ridge, NJ, second edition edition, 1998.

P. Alsaleh A. A space and time efficient convolutional neural network for age group esti-
mation from facial images, 2023. Accessed: 2025-1-31.

J. Bai, S. Bai, Y. Chu, Z. Cui, K. Dang, X. Deng, Y. Fan, W. Ge, Y. Han, F. Huang,
B. Hui, L. Ji, M. Li, J. Lin, R. Lin, D. Liu, G. Liu, C. Lu, K. Lu, J. Ma, R. Men, X. Ren,
X. Ren, C. Tan, S. Tan, J. Tu, P. Wang, S. Wang, W. Wang, S. Wu, B. Xu, J. Xu, A. Yang,
H. Yang, J. Yang, S. Yang, Y. Yao, B. Yu, H. Yuan, Z. Yuan, J. Zhang, X. Zhang, Y. Zhang,
Z. Zhang, C. Zhou, J. Zhou, X. Zhou, and T. Zhu. Qwen technical report, 2023.

M. Bain, A. Nagrani, A. Brown, and A. Zisserman. Condensed movies: Story based retrieval
with contextual embeddings, 2020.

A. J. Bell and T. J. Sejnowski. An information-maximization approach to blind separation
and blind deconvolution. Neural Computation, 7:1129-1159, 1995.

Y. Bengio, R. Ducharme, P. Vincent, and C. Janvin. A neural probabilistic language model.
In Journal of machine learning research, 2003.

B. C. Biner, F. M. Sofian, U. B. Karakag, D. Ceylan, E. Erdem, and A. Erdem. Son-
icdiffusion: Audio-driven image generation and editing with pretrained diffusion models,
2024.

A. S. Bregman. Auditory Scene Analysis: The Perceptual Organization of Sound. The MIT
Press, 05 1990.

T. B. Brown, B. Mann, N. Ryder, M. Subbiah, J. Kaplan, P. Dhariwal, A. Neelakantan,
P. Shyam, G. Sastry, A. Askell, S. Agarwal, A. Herbert-Voss, G. Krueger, T. Henighan,
R. Child, A. Ramesh, D. M. Ziegler, J. Wu, C. Winter, C. Hesse, M. Chen, E. Sigler,
M. Litwin, S. Gray, B. Chess, J. Clark, C. Berner, S. McCandlish, A. Radford, I. Sutskever,
and D. Amodei. Language models are few-shot learners, 2020.

M. A. Casey and A. Westner. Separation of mixed audio sources by independent subspace
analysis. In International Conference on Mathematics and Computing, 2000.

P. Chandna, M. Miron, J. Janer, and E. Gémez. Monoaural audio source separation using
deep convolutional neural networks. In Latent Variable Analysis and Signal Separation,
2017.

125



BIBLIOGRAPHY

[12]

[13]

[14]

[15]

H. Chen, W. Xie, A. Vedaldi, and A. Zisserman. Vggsound: A large-scale audio-visual
dataset, 2020.

S. Chen, Y. Wu, C. Wang, S. Liu, D. Tompkins, Z. Chen, and F. Wei. Beats: Audio
pre-training with acoustic tokenizers, 2022.

Y. Chen, X. Yue, X. Gao, C. Zhang, L. F. D’Haro, R. T. Tan, and H. Li. Beyond single-
audio: Advancing multi-audio processing in audio large language models. In Conference on
Empirical Methods in Natural Language Processing, 2024.

Y. Chu, J. Xu, X. Zhou, Q. Yang, S. Zhang, Z. Yan, C. Zhou, and J. Zhou. Qwen-audio:
Advancing universal audio understanding via unified large-scale audio-language models,
2023.

E. B. Coban, M. I. Mandel, and J. Devaney. What do MLLMs hear? examining the
interaction between LLM and audio encoder components in multimodal large language
models. In Audio Imagination: NeurIPS 2024 Workshop Al-Driven Speech, Music, and
Sound Generation, 2024.

A. D’efossez, J. Copet, G. Synnaeve, and Y. Adi. High fidelity neural audio compression.
ArXiv, abs/2210.13438, 2022.

A. Défossez, N. Usunier, L. Bottou, and F. R. Bach. Demucs: Deep extractor for music
sources with extra unlabeled data remixed. ArXiv, abs/1909.01174, 2019.

S. Deshmukh, B. Elizalde, R. Singh, and H. Wang. Pengi: An audio language model for
audio tasks, 2024.

S. Deshmukh, S. Han, H. Bukhari, B. Elizalde, H. Gamper, R. Singh, and B. Raj. Audio
entailment: Assessing deductive reasoning for audio understanding, 2024.

K. Drossos, S. Adavanne, and T. Virtanen. Automated audio captioning with recurrent
neural networks. In IEEE Workshop on Applications of Signal Processing to Audio and
Acoustics (WASPAA), New Paltz, New York, U.S.A., Oct. 2017.

K. Drossos, S. Lipping, and T. Virtanen. Clotho: An audio captioning dataset, 2019.

K.-L. Du, C.-S. Leung, W. H. Mow, and M. N. S. Swamy. Perceptron: Learning, general-
ization, model selection, fault tolerance, and role in the deep learning era. Mathematics,
10(24), 2022.

B. Elizalde, S. Deshmukh, M. A. Ismail, and H. Wang. Clap: Learning audio concepts from
natural language supervision, 2022.

P. Esser, S. Kulal, A. Blattmann, R. Entezari, J. Miiller, H. Saini, Y. Levi, D. Lorenz,
A. Sauer, F. Boesel, D. Podell, T. Dockhorn, Z. English, K. Lacey, A. Goodwin, Y. Marek,
and R. Rombach. Scaling rectified flow transformers for high-resolution image synthesis,
2024.

126



BIBLIOGRAPHY

[26]

[27]

28]

[29]

[30]

31]

[32]

[33]

[38]

[39]

[40]

[41]

E. Fonseca, J. Pons, X. Favory, F. Font, D. Bogdanov, A. Ferraro, S. Oramas, A. Porter,
and X. Serra. Freesound datasets: A platform for the creation of open audio datasets. In
International Society for Music Information Retrieval Conference, 2017.

J. F. Gemmeke, D. P. W. Ellis, D. Freedman, A. Jansen, W. Lawrence, R. C. Moore,
M. Plakal, and M. Ritter. Audio set: An ontology and human-labeled dataset for audio
events. In Proc. IEEE ICASSP 2017, New Orleans, LA, 2017.

Y. Gong, Y.-A. Chung, and J. Glass. Ast: Audio spectrogram transformer, 2021.

Y. Gong, H. Luo, A. H. Liu, L. Karlinsky, and J. Glass. Listen, think, and understand,
2024.

I. Goodfellow, Y. Bengio, and A. Courville. Deep Learning. MIT Press, 2016. http:
//www.deeplearningbook.org.

I. J. Goodfellow, J. Pouget-Abadie, M. Mirza, B. Xu, D. Warde-Farley, S. Ozair,
A. Courville, and Y. Bengio. Generative adversarial networks, 2014.

J. Gu, X. Jiang, Z. Shi, H. Tan, X. Zhai, C. Xu, W. Li, Y. Shen, S. Ma, H. Liu, S. Wang,
K. Zhang, Y. Wang, W. Gao, L. Ni, and J. Guo. A survey on llm-as-a-judge, 2025.

M. Hayes. Schaum’s Outline of Digital Signal Processing. Schaum’s Outline Series. McGraw-
Hill Companies,Incorporated, 1999.

J. Hérault and C. Jutten. Space or time adaptive signal processing by neural network
models. 1987.

J. Ho, A. Jain, and P. Abbeel. Denoising diffusion probabilistic models, 2020.

E. J. Hu, Y. Shen, P. Wallis, Z. Allen-Zhu, Y. Li, S. Wang, L. Wang, and W. Chen. Lora:
Low-rank adaptation of large language models, 2021.

A. Jansson, E. J. Humphrey, N. Montecchio, R. M. Bittner, A. Kumar, and T. Weyde.
Singing voice separation with deep u-net convolutional networks. In International Society
for Music Information Retrieval Conference, 2017.

A. Q. Jiang, A. Sablayrolles, A. Mensch, C. Bamford, D. S. Chaplot, D. de las Casas,
F. Bressand, G. Lengyel, G. Lample, L. Saulnier, L. R. Lavaud, M.-A. Lachaux, P. Stock,
T. L. Scao, T. Lavril, T. Wang, T. Lacroix, and W. E. Sayed. Mistral 7b, 2023.

K. Joos, A. Gilles, P. Van de Heyning, D. De Ridder, and S. Vanneste. From sensation to
percept: The neural signature of auditory event-related potentials. Neuroscience Biobe-
havioral Reviews, 42:148-156, 2014.

D. Jurafsky and J. H. Martin. Speech and Language Processing: An Introduction to Natural
Language Processing, Computational Linguistics, and Speech Recognition with Language
Models. 3rd edition, 2025. Online manuscript released January 12, 2025.

I. Kavalerov, S. Wisdom, H. Erdogan, B. Patton, K. Wilson, J. L. Roux, and J. R. Hershey.
Universal sound separation, 2019.

127


http://www.deeplearningbook.org
http://www.deeplearningbook.org

BIBLIOGRAPHY

[42]

[43]

[44]

C. D. Kim, B. Kim, H. Lee, and G. Kim. Audiocaps: Generating captions for audios in the
wild. In North American Chapter of the Association for Computational Linguistics, 2019.

J. Kim, J. Jung, J. Lee, and S. H. Woo. Enclap: Combining neural audio codec and
audio-text joint embedding for automated audio captioning, 2024.

D. P. Kingma and M. Welling. Auto-encoding variational bayes. CoRR, abs/1312.6114,
2013.

C.-Y. Kuan, W.-P. Huang, and H. yi Lee. Understanding sounds, missing the questions:
The challenge of object hallucination in large audio-language models, 2024.

C. Lea, R. Vidal, A. Reiter, and G. D. Hager. Temporal convolutional networks: A unified
approach to action segmentation, 2016.

Y. Lecun, L. Bottou, Y. Bengio, and P. Haffner. Gradient-based learning applied to docu-
ment recognition. Proceedings of the IEEE, 86(11):2278-2324, 1998.

D. D. Lee and H. S. Seung. Learning the parts of objects by non-negative matrix factor-
ization. Nature, 401:788-791, 1999.

M. Lewis, Y. Liu, N. Goyal, M. Ghazvininejad, A. rahman Mohamed, O. Levy, V. Stoyanov,
and L. Zettlemoyer. Bart: Denoising sequence-to-sequence pre-training for natural language
generation, translation, and comprehension. In Annual Meeting of the Association for
Computational Linguistics, 2019.

Y. Luo and N. Mesgarani. Tasnet: Time-domain audio separation network for real-time,
single-channel speech separation. 2018 IEEFE International Conference on Acoustics, Speech
and Signal Processing (ICASSP), pages 696-700, 2017.

Y. Luo and N. Mesgarani. Conv-tasnet: Surpassing ideal time—frequency magnitude mask-
ing for speech separation. IEEE/ACM Transactions on Audio, Speech, and Language Pro-
cessing, 27:1256-1266, 2018.

E. Manilow, P. Seetharman, and J. Salamon. Open Source Tools & Data for Music Source
Separation. https://source-separation.github.io/tutorial, Oct. 2020.

T. Mikolov, K. Chen, G. Corrado, and J. Dean. Efficient estimation of word representations
in vector space, 2013.

A. Nichol and P. Dhariwal. Improved denoising diffusion probabilistic models, 2021.

Qwen, :, A. Yang, B. Yang, B. Zhang, B. Hui, B. Zheng, B. Yu, C. Li, D. Liu, F. Huang,
H. Wei, H. Lin, J. Yang, J. Tu, J. Zhang, J. Yang, J. Yang, J. Zhou, J. Lin, K. Dang, K. Lu,
K. Bao, K. Yang, L. Yu, M. Li, M. Xue, P. Zhang, Q. Zhu, R. Men, R. Lin, T. Li, T. Tang,
T. Xia, X. Ren, X. Ren, Y. Fan, Y. Su, Y. Zhang, Y. Wan, Y. Liu, Z. Cui, Z. Zhang, and
Z. Qiu. Qwen2.5 technical report, 2025.

A. Radford, J. W. Kim, C. Hallacy, A. Ramesh, G. Goh, S. Agarwal, G. Sastry, A. Askell,
P. Mishkin, J. Clark, G. Krueger, and I. Sutskever. Learning transferable visual models
from natural language supervision, 2021.

128



BIBLIOGRAPHY

[57]

[58]

[59]

A. Radford, J. W. Kim, T. Xu, G. Brockman, C. McLeavey, and I. Sutskever. Robust
speech recognition via large-scale weak supervision, 2022.

R. Rombach, A. Blattmann, D. Lorenz, P. Esser, and B. Ommer. High-resolution image
synthesis with latent diffusion models, 2022.

O. Ronneberger, P. Fischer, and T. Brox. U-net: Convolutional networks for biomedical
image segmentation, 2015.

S. Sakshi, U. Tyagi, S. Kumar, A. Seth, R. Selvakumar, O. Nieto, R. Duraiswami, S. Ghosh,
and D. Manocha. MMAU: A massive multi-task audio understanding and reasoning bench-
mark. In The Thirteenth International Conference on Learning Representations, 2025.

J. Salamon, D. MacConnell, M. Cartwright, P. Q. Li, and J. P. Bello. Scaper: A library for
soundscape synthesis and augmentation. 2017 IEEE Workshop on Applications of Signal
Processing to Audio and Acoustics (WASPAA), pages 344-348, 2017.

T. S. Silva. A short introduction to generative adversarial networks.
https://sthalles.github.io, 2017.

J. Sohl-Dickstein, E. A. Weiss, N. Maheswaranathan, and S. Ganguli. Deep unsupervised
learning using nonequilibrium thermodynamics, 2015.

J. Song, C. Meng, and S. Ermon. Denoising diffusion implicit models, 2022.

Y. Song and S. Ermon. Generative modeling by estimating gradients of the data distribu-
tion, 2020.

Y. Song, J. Sohl-Dickstein, D. P. Kingma, A. Kumar, S. Ermon, and B. Poole. Score-based
generative modeling through stochastic differential equations, 2021.

A. K. Sridhar, Y. Guo, and E. Visser. Enhancing temporal understanding in audio question
answering for large audio language models. ArXiv, abs/2409.06223, 2024.

S. S. Stevens, J. E. Volkmann, and E. B. Newman. A scale for the measurement of the
psychological magnitude pitch. Journal of the Acoustical Society of America, 8:185-190,
1937.

D. Stoller, S. Ewert, and S. Dixon. Wave-u-net: A multi-scale neural network for end-to-end
audio source separation. ArXiv, abs/1806.03185, 2018.

K. Sung-Bin, A. Senocak, H. Ha, A. Owens, and T.-H. Oh. Sound to visual scene generation
by audio-to-visual latent alignment, 2023.

T. Team. The falcon 3 family of open models, December 2024.

H. Touvron, T. Lavril, G. Izacard, X. Martinet, M.-A. Lachaux, T. Lacroix, B. Rouziere,
N. Goyal, E. Hambro, F. Azhar, A. Rodriguez, A. Joulin, E. Grave, and G. Lample. Llama:
Open and efficient foundation language models, 2023.

129



BIBLIOGRAPHY

[73]

[78]

[79]

[80]

A. van den Oord, S. Dieleman, H. Zen, K. Simonyan, O. Vinyals, A. Graves, N. Kalchbren-
ner, A. W. Senior, and K. Kavukcuoglu. Wavenet: A generative model for raw audio. In
Speech Synthesis Workshop, 2016.

A. van den Oord, Y. Li, and O. Vinyals. Representation learning with contrastive predictive
coding, 2019.

A. Vaswani, N. M. Shazeer, N. Parmar, J. Uszkoreit, L. Jones, A. N. Gomez, L. Kaiser, and
I. Polosukhin. Attention is all you need. In Neural Information Processing Systems, 2017.

S. Vatsal and H. Dubey. A survey of prompt engineering methods in large language models
for different nlp tasks, 2024.

T. Virtanen and A. Klapuri. Separation of harmonic sound sources using sinusoidal model-
ing. In 2000 IEEFE International Conference on Acoustics, Speech, and Signal Processing.
Proceedings (Cat. No.00CH37100), volume 2, pages 11765-11768 vol.2, 2000.

W. Wang. Machine audition: Principles, algorithms and systems. 2010.

J. Wei, X. Wang, D. Schuurmans, M. Bosma, B. Ichter, F. Xia, E. Chi, Q. Le, and D. Zhou.
Chain-of-thought prompting elicits reasoning in large language models, 2023.

S. Wisdom, H. Erdogan, D. Ellis, R. Serizel, N. Turpault, E. Fonseca, J. Salamon,
P. Seetharaman, and J. Hershey. What’s all the fuss about free universal sound separation
data?, 2020.

G. Yariv, I. Gat, L. Wolf, Y. Adi, and I. Schwartz. Audiotoken: Adaptation of text-
conditioned diffusion models for audio-to-image generation, 2023.

D. Zhang, Y. Yu, J. Dong, C. Li, D. Su, C. Chu, and D. Yu. Mm-llms: Recent advances in
multimodal large language models, 2024.

130



	Περιεχόμενα
	greekgreekΚατάλογος Σχημάτων
	Κατάλογος Πινάκων
	Εκτεταμένη περίληψη στα Ελληνικά
	Introduction
	Motivation
	Goals and Contributions

	Theoretical Background
	Machine Learning
	 Supervised Learning
	Unsupervised Learning
	 Reinforcement Learning

	Deep Learning
	The neuron
	Feedforward Neural Networks
	Convolutional Networks
	U-Net Architecture

	Transformers
	Architecture
	Self-Attention

	Audio Source Separation
	Sound
	Audio Representations
	Traditional Methods
	Deep Learning Approaches
	Evaluation Metrics for Source Separation

	Diffusion Models
	Generative Models
	Diffusion Process
	Improvements


	Related Work
	Language Models
	Large Language Models
	Prompting

	Guided Image Generation
	Text-to-Image
	Audio-to-Image

	Audio Language Models
	Computer Audition
	Audio Large Language Models (ALLMs)

	Universal Sound Separation

	Proposal
	Experiments
	Dataset Preparation
	Experiment A: Prompting Techniques Comparison
	Qualitative Results
	Evaluation Methods
	Quantitative Results

	Experiment B: Comparison with Proposed Method
	Experiment C: Generating Images from Movie Scenes
	Dataset
	Human Evaluation
	CLIPscore


	Conclusion
	Discussion
	Limitations
	Future Work


	Additional Details
	Prompts
	Example Results
	Human Evaluation


